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ABSTRACT
Organic biomass is an abundant renewable resource on the earth and properly utilizing
biomass resources could provide an alternative energy to traditional fossil fuels and help to
mitigate the impacts of energy consumption on environment and climate change. Fast pyrolysis
is one way to achieve thermochemical conversion of biomass organic materials into bio-oil at mild
temperature (500 0C) in the absence of oxygen. Due to high heating rate requirement and low
thermal conductivities of biomass materials, physical processes such as particulate flows, mixing
and heat transfer have complicated effects on biomass fast pyrolysis at both reactor scale and
particle scale. Besides the intensive research of the chemistry of biomass fast pyrolysis, study
of the underlying physics is also necessary for gaining more knowledge of biomass fast pyrolysis
processes in practical reactors.
In this research, the biomass pyrolysis reactive granular flow in a double screw reactor is
numerically investigated and the underlying physics such as particle mixing and heat transfer
in the reactor are studied. A new Discrete Element Method (DEM) model was proposed with
extended capability of modeling particle-particle and particle-wall heat transfer and integrating
biomass devolatilization reaction models for simulating reactive granular flows. In the DEM
model, the particle hydrodynamics is modeled by adopting Hertz-Mindlin nonlinear soft sphere
model. The particle-scale heat transfer model considers both conductive and radiative heat
transfer between particle and particle/wall. The biomass devolatilization model involves cou-
pling with energy equation in an adaptive time step manner and considers the variation of solid
particle thermal properties with temperature and conversion process.
Particle flow and mixing have a great impact on biomass fast pyrolysis process by affecting
the heat transfer dynamics in the granular flow. The DEM was first employed to investigate
the granular flow and particle mixing in a double screw reactor. Visual observations suggest the
simulation captures the particle mixing trends observed in the experiments. Results indicate
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that the mixing index profile in the axial direction shows a mixing-demixing-mixing oscillation
pattern. Increasing screw pitch length is detrimental to mixing performance; decreasing the
solid particle feed rate reduces the mixing degree; and increasing the biomass to glass bead
size ratio decreases mixing performance. A comparison of a binary, single-sized biomass and
glass particle mixture to a multicomponent mixture indicates that the binary system has similar
mixing pattern as a multicomponent system.
The developed particle-scale heat transfer model was validated by modeling heat transfer
in packed beds and comparing simulation predictions with experimental measurements. The
simulation results of the heat transfer in the double screw reactor indicate an existence of both
spatial and temporal temperature oscillations in the granular flow. The effects of the oper-
ating conditions on the average temperature profile, biomass particle temperature probability
distribution, heat flux and heat transfer coefficient are analyzed. The results show that the
particle-fluid-particle conductive heat transfer pathways are the dominant contributors to the
total heat flux, which accounts for approximately 70%-80% in the total heat flux. Radiative heat
transfer contributes 14%-26% to the total heat flux. The heat transfer coefficient in the double
screw reactor varies in a range of 70 to 110 W/(m2K) depending on the operating conditions.
The proposed approach was applied to simulating biomass fast pyrolysis process in the
double screw reactors. Results show that the heat of pyrolysis needs to be considered for
accurate prediction of biomass pyrolysis process in the reactor. The hemicellulose and cellulose
decompositions are predicted to start around 480 K and 600 K, separately, and the predictions
are in agreement with experimental studies. The product yield predictions also have a good
agreement with experimental studies. Results indicate that both decreasing particle size and
reducing feedstock volumetric fill level in the reactor are favorable to the biomass pyrolysis
process.
A multi-objective kinetic parameter regression model was proposed for estimating parame-
ters in kinetic models in the last part of this research. The proposed regression model integrated
a multi-objective particle swarm optimization algorithm with ODE solver from CVODE. A case
study indicates that this regression model has a better performance comparing to traditional
deterministic optimization solvers.
1CHAPTER 1. GENERAL INTRODUCTION
1.1 Thermochemical conversion of biomass materials
Thermochemical conversion of biomass is a potential way for utilizing abundant organic
materials to produce renewable fuels and chemicals, provide an alternative to traditional fossil
fuels, and mitigate the impacts of energy consumption on the environment and climate change
[1]. Depending on operating conditions, biomass thermochemical conversion processes can be
categorized as combustion, gasification and pyrolysis with both reaction temperature and ox-
idation degree decreasing in that order [2]. Figure 1.1 illustrates a fast pyrolysis process that
is designed to produce crude bio-oil which could be further upgraded into transportation fu-
els. Different from traditional petrochemical processing, biomass thermochemical conversion
processes are solid-based continuous processes. As illustrated in the figure, a biomass storage
equipment, a feeding machinery and a reactor are required for achieving continuous biomass
conversion. Physical phenomena such as particulate flows, mixing and heat transfer are involved
in the process as well as inhomogeneous/homogeneous reactions. While most of the previous
research focuses on the chemistry side of biomass thermochemical conversion, understanding
the multiphysics inherent in the biomass conversion process is beneficial to process design and
robust operation.
Biomass fast pyrolysis is achieved at reaction temperature of around 500◦C in the absence
of oxygen at the atmospheric pressure. A high heating rate (over 100◦C/s ) is often necessary
in order to obtain high bio-oil yield. Besides, bio-oil vapors tend to crack into char and non-
condensable gas and therefore vapor residence time of less than 2 s in the reactor is favorable
[2]. Physics such as particle-particle and particle-fluid thermal interactions could pose great
impacts on bio-oil production by affecting biomass heating rate, biomass particle temperature
2Figure 1.1: Schematic of biomass fast pyrolysis process [3].
distribution, and vapor mass transport. Evaluation of the impacts is necessary to fundamentally
understand the transport limits for fast pyrolysis, and it is also helpful in the design of reactors.
For instance, biomass is usually grounded into small particle sizes (v500 µm) in order to avoid
heat transfer limitations and improve particle heating rate in fast pyrolysis kinetic studies. The
energy requirement for comminution of biomass can be reduced exponentially if a large biomass
size limit is acceptable in a new design reactor [4].
Fluidized bed reactor as shown in Figure 1.1 is often employed as pyrolyzers for biomass
conversion due to their well-known high heat transfer rate, relatively mature design experience,
simple geometry, capability for scale-up, ease of operation, and high bio-oil yield. However, a
large amount of hot fluidized gas is required to keep the bed under desirable mixing conditions.
A lot of efforts have been invested into identifying alternative pyrolyzers [5, 6, 7, 8]. The
fluidization gas problem was tackled either by adopting new designs of fluidized beds that
recycle non-condensable gases as fluidized gas, or by adopting mechanical fluidization methods.
In recent years, screw pyrolyzer designs have been employed in several studies [5, 9, 10, 11,
12, 13], and the performance of screw reactors in terms of biofuel production is comparable to
fluidized bed reactors [5]. However, continuous operation of such reactors without interruptions
becomes a great challenge due to rotating screws and unique properties of biomass materials.
Unfortunately, research on biomass reacting granular flows is very limited and detailed study
3is necessary for understanding the mechanically driven biomass granular flows, heat transfer
mechanisms and biomass particle reaction kinetics in screw reactors.
1.2 Biomass material properties
Long-term operation of biomass thermochemical conversion processes such as fast pyrolysis
process is technically and economically crucial for promoting biorenewable fuels and chemicals.
However, handling of biomass particles (chips, granules, fibers) in every stage of the process is
challenging due to the fact that biomass materials possess some unique physical properties and
that our knowledge of biomass handling is very limited.
Granular biomass materials distinctly differ from conventional granular solids used in the
process industry. A good knowledge of biomass material properties is helpful to understanding
biomass particulate flow behaviors and develop corresponding models in the numerical sim-
ulations to correctly reproduce biomass granular flow patterns. Biomass feedstock is usually
prepared through size reduction and moisture removal in the pretreatment processing. The re-
sultant particle size distribution, shape, and moisture content have great impacts on the biomass
mechanical properties such as bulk density, compressibility, angle of internal friction, angle of
repose and flowability [14]. Biomass particles from different sources and pretreatments render
different shapes. Figure 1.2 shows several kinds of shape of poplar and corn stover particles from
image analysis. The shape of the particles can be quantitatively classified in terms of particle
roundness, angularity, circularity and irregularity [15]. A simpler classification is also proposed
in [16]. In this classification, particle shape with comparable dimensions in three directions
is categorized as granule; particle shape with one dimension much smaller than the other two
dimensions is categorized as chips; and particle shape with one dimension much larger than
the other dimensions is categorized as fibers. Usually woody biomass particles have a more
regular shape than grassy biomass and are often categorized as wood chips or fibers. Granule
particles can also be formed through pelleting which has shown to have better flowability than
wood chips [17]. Particle shape has a great impact on granular flows, for instant, elongated
particles are reported to produce flow rates up to 30 % lower than for circular particles in the
research of Cleary and Sawley [18] and different flow patterns are also observed for elongated
4particles. Bulk density of biomass materials is much smaller than other materials, for instant,
150 to 250 kg/m3 for woody biomass and 40 to 100 kg/m3 for grassy biomass [19]. The elastic
modulus of biomass materials is usually several orders smaller than steel materials which results
in tendency to deform at smaller forces. Material properties such as angle of internal friction,
angle of repose and flowability are related to moisture content and need to be considered for
developing accurate mathematical models [20].
Figure 1.2: Several kinds of shape of poplar and corn stover particles from image analysis [21].
Biomass materials also have very different thermal properties. Due to structural inho-
mogeneity, thermal conductivities are not uniform in different directions for woody biomass
[22, 23]. Moreover, thermal conductivities of biomass materials are usually two orders smaller
compared to steel material which may increase the tendency of generating temperature gradi-
ents inside biomass particles during heat transfer. Single particle models such as reported in
[24, 25, 26] were developed in previous research to investigate the biomass intra-particle heat
transfer problems and showed the necessity of proper consideration of biomass properties in
accurate simulation of biomass pyrolysis.
Biomass is often found in the form of lignocellulose which is a composite of three major
organic components: hemicellulose (40-60 %wt), cellulose (20-40 %wt) and lignin [27, 2]. Figure
1.3 illustrates the structure of the lignocellulose. The cellulose is in a matrix of hemicellulose
and lignin, which is the basic element constructing plant cells. The molecular structure of
each component is detailed in lots of literature [27], but this is beyond current research focus.
5Subjecting to heat, the three major components could thermochemically decompose into smaller
molecule compounds and the final products depend on provided conditions. In general, cellulose,
hemicellulose and lignin have different thermochemical decomposition behaviors and various
kinetic models were developed for each component in previous research as reviewed in [28, 29].
Figure 1.3: Illustration of lignocellulose structure in plant cell walls [30].
1.3 Discrete element method
In general, there are two methods for modeling particulate matters. The first method is to
consider the particulate matter as a continuous medium, and mass, momentum and energy equa-
tions are built for the solid phase just as for the fluid. This method is called Eulerian method
and the difficulty in this method is to formulate an accurate constitutive relation accounting for
the rheology of particulate matters. Kinetic theory of granular flow has shown great potential
in developing constitutive relations in both dilute and dense particulate flows [31, 32]. How-
ever, some important aspects of particulate flows such as particle size distribution [33], particle
shape [18] and cohesive forces [34] are still very challenging to be accurately accounted for in
Eulerian models. The second method is to treat each single particle as a discrete entity and the
translational and rotational motions of each entity are resolved following Newton’s equations of
motion. This method is usually called Discrete Element Method (DEM) and firstly proposed
by Cundall and Strack [35] to simulate hydrodynamics of granular assembly. DEM simulations
can provide particle-scale dynamics information such as trajectories, transient forces acting on
particles as well as macroscopic dynamics information by statistical analysis of particle scale
information. DEM modeling of particulate flows of different particle size distributions, various
6particle shapes and cohesive forces was reported in previous research such as [33, 18, 34]. In
addition, DEM models have been coupled with Computational Fluid Dynamics (CFD) in order
to consider interactions between discrete entities and fluid phase, and representative studies are
found in [36, 37, 38]. Due to the computational cost in tracking each particle, the application
of this method is restricted to particulate systems containing a few millions of particles. The
limitation of relatively high computational cost of DEM can be overcome by adopting parallel
computing techniques [39] or by introducing coarse-grain models [40]. Some demonstrations of
discrete element simulation of industrial particulate systems are found in [41].
Reactive granular flows are ubiquitous in the industries such as construction material pro-
duction, catalyst manufacturing, food processing and energy production. For example, the heat
transfer problem in rotating drums, prototypes of reactors that are widely used in construc-
tion material and catalyst production, remains a research focus in the last decade [42, 43].
Chestnut roasting as shown in Figure 1.4 is another example. Understanding the heat trans-
fer between chestnuts and heat carriers and the cooking kinetics is helpful to improving the
quality of the roasted chestnuts. Efforts of extending the DEM by incorporating heat trans-
fer models was reported in previous investigations and the developed models were applied
in a couple of applications such as fixed beds, bubbling fluidized beds and rotating drums
[44, 45, 46, 47, 42, 48, 49, 50, 51]. In the above studies, different heat transfer models were
proposed to illustrate the heat transfer mechanisms in the granular flows or dense particle-fluid
flows. In the research of Li and Mason [45], they adopted the heat conduction model proposed
in [52] to consider particle-particle and particle-pipe heat conduction in the simulation of a
horizontal pneumatic transport pipe. In later studies such as [46, 49], heat conduction through
stagnant interstitial fluid was also considered and identified as an important heat transfer path-
way. Short distance particle-particle radiation model was developed in recent research [53] and
results indicate that the heat transfer contribution is not negligible at high temperatures. A lot
of problems related to the heat transfer in granular flows remain unsolved. A generalized model
for numerically simulating heat transfer in granular flows is not fully developed and the heat
transfer mechanisms in different granular systems are not fully discovered. One of the research
objective in this research is to improve the heat transfer model in the DEM method.
7Figure 1.4: Chestnut roasting in a vertical reactor.
In reacting particulate systems, particle composition, mass, size and its properties might
change with the ongoing reactions within particle phase or between particle and surrounding
gases. Recent reviews [54, 55] elaborate the importance of such phenomena in industrial systems
and present recent developments of numerical simulation methods of such systems. Both reviews
indicate that CFD-DEM is a promising method for simulating reacting particulate systems with
particle-scale considerations such as particle composition and size change. They also pointed
out that a lot of research is needed for developing a generalized Eulerian-Lagrangian model
for modeling such systems. Development in the DEM includes consideration of solid phase
reactions such as pyrolysis reactions, particle property change and particle size change. An
effort of extending the DEM to include all such features is another major goal in this research.
In most situations, the modeled particle was assumed to be temperature homogeneous and the
lumped capacity approach was employed for predicting particle temperature and solid phase
reactions. The validation of this assumption needs to be carefully examined especially for
particles of low thermal conductivity since intra-particle heat and mass transfer effects were
observed at very small particle size in some research [56]. Intra-particle transport consideration
is another interesting aspect in extending DEM for reacting particle system.
1.4 Motivation and research objectives
This thesis mainly focuses on DEM modeling of biomass fast pyrolysis reactive granular
flows with the research aim of exploring biomass solid species devolatilization dynamics and
8understanding the fundamental physics such as particle mixing and heat transfer in the granular
flows. The reactive granular flow in a double screw reactor is numerically studied in this research
and the problem is split into several sub-objectives for better understanding each fundamental
physical phenomenon inherent in the biomass granular flows. The research objectives are:
(1) Validate the DEM method in modeling multicomponent granular mixture in the
double screw reactor and quantitatively investigate the influences of operating parameters on
the mixing degree of different mixture systems in the reactor.
(2) Develop a particle-scale heat transfer model in the DEM method, validate the
developed method with published experimental research, study the heat transfer dynamics in
the double screw reactor and evaluate heat transfer coefficients.
(3) Integrate biomass devolatilization reaction models in the DEM method, predict
biomass solid species devolatilization dynamics in the reactor and explore the effects of moisture
content, particle size and volumetric fill level on the biomass fast pyrolysis process and product
yields.
(4) Develop a 1-D single particle model (SPM) for biomass fast pyrolysis, extract heat
transfer information from DEM simulations as heat transfer boundary conditions, investigate
heating rate and biomass particle size effects on biomass fast pyrolysis processes.
1.5 Thesis outline
The organization of this thesis aligns with our research objectives. Chapter 2 focuses on nu-
merical simulation of granular flow and mixing in a double screw reactor. A detailed description
of modeled screw reactor system and DEM models implemented in LIGGGHTS are included.
Results and discussion are presented regarding influences of operating conditions on the mixing
performance of the screw reactor. Chapter 3 presents the developed particle-scale heat transfer
models in the DEM method, and model validation by simulating heat transfer in packed beds
and comparing with experimental measurements. In the results and discussion section, the
9particle temperature distribution and biomass particle heat transfer coefficients are analyzed
and the main contributor to the total heat flux is identified. Chapter 4 mainly presents the in-
tegration of biomass devolatilization reaction models in the DEM method. The devolatilization
dynamics of biomass major components is presented in the result and discussion section. Chap-
ter 5 are put here to show another project that I have worked on during my PhD study. The
study presents a novel framework for development of reaction kinetics from different sources of
experimental data based on multi-objective particle swarm optimization method. The general
conclusion and future research recommendations are given in Chapter 6. Additional materials
required in the main content are listed in appendix section. References cited in this research
are put at the end of the thesis.
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CHAPTER 2. NUMERICAL STUDY OF PARTICLE MIXING IN A
LAB-SCALE SCREW MIXER USING DISCRETE ELEMENT METHOD
A paper published in Powder Technology
Fenglei Qi,Theodore J. Heindel, Mark Mba Wright
Abstract
This study employs the Discrete Element Method (DEM) to simulate particulate flow and
investigate mixing performance of a lab-scale double screw mixer. The simulation employs
polydispersed biomass and glass bead particles based on experiments conducted in previous
studies. Visual examination of particle distribution and statistical analysis of particle residence
times of experimental data served as model validation. Statistical analysis indicates a maximum
9.8% difference between the experimental and simulated biomass particle mean residence time,
and visual observations suggest the simulation captures the particle mixing trends observed in
the experiments. Results indicate that the particle mean mixing time, non-dimensionalized by
ideal flow time in the plug flow reactor, varies between 1.008 and 1.172, and it approaches 1 with
increasing biomass feed rate. The mixing index profile in the axial direction shows a mixing-
demixing-mixing oscillation pattern. Increasing screw pitch length is detrimental to mixing
performance; decreasing the solid particle feed rate reduces the mixing degree; and increasing
the biomass to glass bead size ratio decreases mixing performance. A comparison of a binary,
single-sized biomass and glass particles mixture to a multicomponent mixture indicates that
the binary system has similar mixing pattern as a multicomponent system. These findings
demonstrate that DEM is a valuable tool for the design and simulation of double screw mixing
systems.
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2.1 Introduction
Screw conveyors/mixers are often used in solid handling processes in industries such as
pharmaceutical production, food processing, mineral processing, construction and renewable
energy production [57, 58, 59]. Usually single- or double-screws are installed in a housing, and
the rotation of the screw(s) results in transportation and mixing of the solid bulk materials. The
merits of handling a wide range of materials, high throughput capacity and relatively narrow
residence time distribution of the transported particles [60], make the screw mixer suitable as
biomass pretreatment equipment and as a pyrolyzer [5, 10] for thermochemically converting
biomass into biofuels. Experimental studies have shown comparable bio-oil yield performance
of the double screw pyrolyzers when compared to fluidized bed reactors [5].
Achieving a relatively homogeneous particle distribution by mechanical mixing is crucial in
a screw mixer in order to guarantee end product quality or enhance other transport process
such as heat transfer in screw dryers and pyrolyzers. Particle segregation, which is the opposite
process of particle mixing, naturally arises due to any differences in the particle size, shape,
density or other particle properties especially when mechanical agitation is provided to the
bed. Current design of mechanical mixers often depends on empirical correlations or a priori
knowledge. For example, in the design of a pyrolyzer [61], a double screw design was adopted
over a single screw based on engineering knowledge. The optimal operating conditions have
to be repeatedly tested due to limited information regarding mixing performance of the screw
pyrolyzer in terms of screw geometry and operating conditions [5, 62]. Quantitatively assessing
the mixing performance of the screw mixer is necessary for successful equipment design or
scale-up .
Solid particle mixing processes have been analyzed based on several experimental approaches
such as sampling [62, 63], X-ray tracking [64, 65], positron emission particle tracking (PEPT) [66]
and digitized image analysis methods [67]. Tsai and Lin [63] qualitatively studied the effects
of screw parameters (pitch, flight diameter, flight thickness and shaft diameter) and operating
conditions (rotation speed) on the mixing quality in a single screw feeder. Their sampling and
analysis method was updated by [68] for qualitatively analyzing the mixing degree in a screw
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dryer. Kingston and Heindel [62] analyzed sample homogeneity obtained from four different
ports at the outlet, and the variance of the sampling was employed to characterize the mixing
quality in a double screw mixer. The sampling methods reported in [62, 63, 68] can only assess
the overall mixing quality in the screw mixer, and some results from their analysis yield con-
tradictory conclusions. For example, the particle mixing degree was reported to decrease with
increasing pitch in [63] while it is reported to increase in [62]. More advanced particle tracking
techniques such as PEPT have shown great potential in characterizing particle flow pattern and
quantifying mixing quality [66]. However, tracers used in the techniques must be developed to
meet the specifications of the studied particle system. Segregation of tracer particles from bulk
particles occurs as a consequence of density or size differences [69]. Besides, the more advanced
tracking techniques are expensive and time consuming for conducting parametric studies of
mixer systems.
As an alternative approach, the discrete element method (DEM) is often employed to per-
form numerical simulations of particle dynamics. This method was first introduced by Cundall
and Strack [35]. Particle movement, including particle position and velocity, is numerically
computed based on Newton’s equations of motion which considers driving forces such as con-
tact, cohesion and drag forces exerted by the fluid phase and other particles. The advantage
of DEM is that particle motion is directly resolved and eliminates the need for a rheological
model in order to solve the momentum of particles as in two fluid models (TFM) [70]. The
limitation of relatively high computational costs of DEM can be overcome by adopting parallel
computing techniques [39] or by introducing coarse-grain models [40]. Some demonstrations of
discrete element simulation of industrial particulate systems are found in [41].
DEM has been widely used to analyze bulk material transportation characteristics, flow
patterns and mixing processes in screw conveyors/mixers as well as other mixer types. Tanida
et al. [71] and Shimizu and Cundall [66] employed DEM to simulate granular flow and mixing in
screw conveyors. Schutyser et al. [72] compared predictions from a DEM model to experimental
measurements using PEPT in the study of particulate flow and mixing in a conical helical-
blade mixer. They observed a good match between the model predictions and the experiments.
The mixing mechanism for this particular device was also analyzed and quantified. Further
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validation of DEM in modeling continuous mixers was studied in [69, 73], which boosts the
adoption of DEM in quantitatively analyzing mixing processes in various continuous mixers
such as the plowshare mixer [74], twin-screw kneader [75], ribbon mixer [76], and convective
continuous mixer [77, 78]. Owen and Cleary [79, 80] applied DEM to simulate a single screw
conveyor and examined the influence of operating conditions on the power consumption and
feeding performance of the device. Similar research was also carried out in [81]. They compared
DEM predictions of mass flow rate and experimental measurements, and observed consistency
between modeling results and experiments. Pezo et al. [82] analyzed the particle pathways
in a single screw conveyor-mixer with various screw designs, and they showed that adding
blades to the screw could generally increase particle path length and achieve auxiliary mixing
performance. Hou et al. [34] considered the effects of cohesion forces on the particle flow
dynamics in a screw feeder. Although DEM has shown a lot of potential in screw conveyor/mixer
design and particulate system hydrodynamic analysis, most of the previous studies are limited
to monodispersed or monocomponent particle systems. Understanding of screw mixers for
polydispersed or multicomponent particle systems is still lacking. Additionally, few studies have
been done to examine the mixing process in the double screw mixer. Particle size distribution
commonly exists in particulate systems and properly considering the particle size distribution
is necessary to accurately replicate the granular flow dynamics in the numerical simulation.
In this research, DEM was applied to investigate particulate flow and mixing in a lab-scale
double screw mixer in which polydispersed biomass particles and glass beads are transported
and mixed. The DEM method was first introduced and a mixing index evaluating the mixing
state of the multicomponent mixture was developed in the next section. The DEM model
was then validated by comparing DEM predictions with experimental studies [83] through
visual examination of particle distribution and particle residence time comparisons. Screw
pitch length, screw rotation speed and biomass feed rate were varied, and the effects of the
operating conditions on the mixing performance of the double screw mixer were quantitatively
examined. The mixing performance of particulate systems with different size ratios of biomass
to glass beads was also examined.
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2.2 Model description
2.2.1 Model system
The geometry of the modeled double screw mixer is shown in Figure 2.1. Two screws are
installed in the trough. The left screw flight is left-handed and the right screw flight is right-
handed. As show in the Figure 2.1a, when the left screw is rotating in the clockwise direction
and the right screw is rotating in the counter-clockwise direction, the bulk material is pushed
forward from the inlet side to the outlet side along the axial direction. At the cross section,
the materials are pumped downwards to the trough wall at the center of the mixer. This
material flow pattern in the double screw mixer is commonly called “Counter-Rotating Down
Pumping” [62]. The screw rotation speed varied from 20 to 60 RPM in this study.
Mixing Length L
Inlet 1 Inlet 2
S
H
W
Trough wall Screw Shaft
L
R
L R
(a)
P
D d
(b)
Figure 2.1: Geometry of the double screw mixer. Biomass particles are fed into the mixer at
inlet 1 and glass beads are fed into the mixer at inlet 2. Mixer dimensions of mixing length L,
width W , height H and shaft center distance S are fixed in this study. Screw dimensions of
flight diameter D and shaft diameter d are also fixed, and screw pitch P varies. Screws rotate in
the opposite directions pumping the particle down towards the trough wall (Counter-Rotating
Down Pumping). Design dimensions: L = 10D = 254 mm, W = 50.19 mm, H = 29.54 mm,
S = 21.59 mm and d = 3.97 mm.
Major dimensions of the mixer are mixing length L, mixer trough width W , mixer trough
height H, and shaft center distance S. The curvature of the bottom part of the trough can
be calculated from the trough width and the center distance between the two shafts. Major
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dimensions of the installed screws are flight diameter D, shaft diameter d and flight pitch P .
The gap between the trough bottom and screw flight can be calculated from the flight diameter
and trough dimensions and is usually kept less than the particle diameter. All the dimensions
remained constant except the flight pitch in this study. The effects of pitch length on the mixing
performance were investigated.
There are two inlets which separately feed biomass material (red oak) in inlet 1 and glass
beads in inlet 2 into the mixer as shown in Figure 2.1a. The biomass particle size in the
experimental study [62] varied from 500 µm to 6350 µm and glass beads had a particle size range
of 300 to 500 µm. In the simulations, a spherical particle shape was employed to represent both
biomass and glass particles. A mass-based uniform distribution of biomass particles with the
diameter of 1.0 mm, 1.5 mm, 2.5 mm, 3.5 mm, 4.5 mm and 5.5 mm were modeled as biomass
feedstock, and a monosized particle of diameter 1.0 mm was adopted for glass bead particles.
The mass feed ratio of biomass to glass beads was fixed to 1:10 in all of the studies based on
common experimental conditions. Different volumetric fill levels were achieved by changing the
material feed rate. In order to avoid the effects of feed frequency on the analysis, the feed
frequency for both biomass and glass beads was scaled accordingly in terms of the biomass feed
rate whenever the screw rotation speed, pitch length or biomass feed rate was changed.
The three parameters, screw rotation speed, flight pitch and biomass feed rate, were varied
in the numerical experiments. Table 2.1 shows the simulation cases that were performed in
order to investigate the effects of the three parameters on the mixing process in the mixer. In
the table, case 1-1, 1-2 and 1-3 are designed for a screw rotation speed study; case 2-1, 2-2
and 2-3 for a pitch length study; and case 3-1, 3-2 and 3-3 for a solid mass feed rate study.
The solid mass feed rate was adjusted when the rotation speed or the pitch length was changed
in order to keep the same volumetric fill level and 1:10 biomass-to-glass bead mass flow ratio.
Two binary systems (case 4-1 and 4-2) were also modeled and compared to the multicomponent
system. In case 1-2, an average number of 14200 biomass particles remains in the mixer during
the simulation, and an average number of 101400 glass beads is simultaneously modeled in the
mixer. The number of modeled particles in case 1-1, 1-3, 2-1 and 2-3 are close to that in case
1-2 since a constant volumetric fill level is remained. The average number of modeled particles
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in case 3-1 is approximately 5400 of biomass particles and 34100 of glass beads. The average
number of particles in case 3-2 is approximately 9100 of biomass particles and 60000 of glass
beads.
Table 2.1: Simulation design for evaluating parameter effects on double-screw mixing
performance.
Cases
Rotation
speed ω
(RPM)
Flight pitch
P/D
Biomass feed
rate f (kg/h)
Mixture system
1-1 20 1.25 1.75
1-2 40 1.25 3.50 Multicomponent
1-3 60 1.25 5.00
2-1 40 0.75 2.00
2-2 40 1.25 3.50 Multicomponent
2-3 40 1.75 4.00
3-1 40 1.25 1.00
3-2 40 1.25 2.00 Multicomponent
3-3 40 1.25 3.50
4-1 40 1.25 3.50
Binary, Db = 1.0 mm,
Dg = 1.0 mm
4-2 40 1.25 3.50
Binary, Db = 2.0 mm,
Dg = 1.0 mm
Case 1-1, 1-2 and 1-3 are designed for the screw rotation speed study; case 2-1, 2-2 and 2-3
for the pitch length study; case 3-1, 3-2 and 3-3 for the biomass feed rate study; and case
4-1 and 4-2 for the mixture system study.
2.2.2 Discrete element method (DEM)
In this research, particle flow is resolved by the discrete element method (DEM), which was
originally proposed by Cundall and Strack [35]. The soft-sphere approach is widely used in
simulating granular flows since it allows for multiple collision resolution at the same time. The
collision forces are usually modeled with spring-dashpot models such as linear spring-dashpot
model and Hertz-Mindlin nonlinear model [37], which both could consider elastic collision,
viscous damping and friction. In this research, we adopted the Hertz-Mindlin contact model in
the LIGGGHTS open source software [84] to resolve each particle motion in the granular flow.
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The translational and rotational equations for a spherical particle are given as
d (mivi)
dt
=
∑
j
(F n,ij + F t,ij) + F f,i +mig, (2.1)
d (Iiωi)
dt
=
∑
j
(Ri × F t,ij) +
∑
j
M r,ij , (2.2)
where mi and Ii (= 2/5miR2i ) are the mass and moment of inertia of particle i, separately. vi
and ωi are the translational and rotational velocities of the particle. The forces in Equation
(2.1) include normal contact force F n,ij and tangential contact force F t,ij between particle i
and surrounding particle j that collides with particle i, drag force F f,i acting on particle i by
the fluid, gravitational force mig. M r,ij is the rolling friction torque which arises as a result of
asymmetric distribution of normal contact force at the point of contact. In the Hertz-Mindlin
contact model, the forces at the contact surface are given as
F n,ij = knδnnˆij − γnvn,ij , (2.3)
F t,ij = ktδttˆij − γtvt,ij , (2.4)
where, kn and kt are the elastic constants in the normal and tangential directions, γn and γt
are viscoelastic damping constants, δn and δt are the deformations in the normal and tangential
directions, respectively. nˆij is the unit vector from the center of particle j to particle i and tˆij
is the unit vector of vt,ij . vn,ij and vt,ij are the normal and tangential components of relative
velocity, vij , which is defined as
vij = vi − vj + ωi ×Ri − ωj ×Rj , (2.5)
When F t,ij > µfF n,ij , particle j will slide on particle i and F t,ij = µfF n,ij , where µf is the
friction coefficient. The elastic constants and damping coefficients in the Hertz-Mindlin model
are defined as
kn =
4
3
E∗
√
R∗δn, (2.6)
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kt = 8G
∗√R∗δn, (2.7)
γn =
√
10
3
β
√
3
2
knm∗, (2.8)
γt =
√
10
3
β
√
ktm∗, (2.9)
where, β is the damping coefficient. E∗, G∗, R∗ and m∗ are equivalent values of the Young’s
modulus, shear modulus, radius and mass, which are formulated as
1
m∗
=
1
mi
+
1
mj
, (2.10)
1
R∗
=
1
Ri
+
1
Rj
, (2.11)
1
E∗
=
1− ν2i
Ei
+
1− ν2j
Ei
, (2.12)
1
G∗
=
2 (2− νi) (1 + νi)
Gi
+
2 (2− νj) (1 + νj)
Gj
, (2.13)
where, ν is the Poisson ratio of the particle material. The damping coefficient can be calculated
from
β =
ln(e)√
ln2(e) + pi2
. (2.14)
In the equation, e is the restitution coefficient of particle material. The rolling torque M r,ij is
formulated as
M r,ij = −µrRi|F n,ij | ωij|ωij | , (2.15)
where, µr is the coefficient of rolling friction, ωij is the relative angular velocity of particle i
and j, and ωij = ωi − ωj .
19
In order to detect collisions between particles and complicated mixer walls, the mixer sur-
faces are discretized into triangle meshes. For example, 6816 triangle meshes are employed to
represent each shaft (Figure 2.1) and the average surface area of the triangle mesh is equivalent
to the surface area of a sphere with radius of 0.375 mm; 6836 triangle meshes are used for the
trough and the average surface area of the triangle mesh is equivalent to the surface area of
a sphere with radius of 0.72 mm; 7494 triangle meshes are used to represent each screw with
pitch length P/D = 1.25 and the average triangle mesh area is equivalent to the surface area of
a sphere with radius of 0.464 mm. The surface discretization scheme restores the surface cur-
vature very well and shows little effects on the simulation results. The contact force calculation
between the spherical particle and triangle mesh is similar to that between sphere and sphere
particles. The radius and mass of the triangle mesh can be set to a large number when using
the equations shown in the Equation (2.10) and (2.12). The rotation of the screws and shafts
can also be accomplished in LIGGGHTS [84].
Material inertial and mechanical properties in the DEM models are listed in Table 2.2. A
smaller material Young’s Modulus was used as a general practice in order to reduce compu-
tational time [85]. Friction coefficients between different materials were set to the same value
which was calibrated in terms of biomass particle mean residence time by comparing to exper-
imental studies [83] at a single operating condition (case 1-2 listed in Table 2.1). The rolling
friction coefficient was kept the same for all materials as well.
2.2.3 Mixing index
In this system, both particle size differences among biomass particles and density differences
between biomass and glass beads exist, and particle segregation is the result of these combined
effects. We identify particle segregation incurred by material density difference is more detri-
mental to the mixing goal. In order to quantify the mixing degree between biomass and glass
beads, a pseudo binary mixture was considered in which one component is glass beads and the
other is biomass. The mixing index [86] is formulated as:
M = 1− σ
2
t
σ20
, (2.16)
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Table 2.2: Biomass and glass material properties in the discrete element model.
Material∗ Red oak Glass Acrylic plastic
Density ρ (kg/m2) 550 2510 -
Diameter Dp (mm)†
1.0, 1.5, 2.5,
3.5, 4.5, 5.5
1.0 -
Young’s Modulus E (Pa) 2.6× 106 2.6× 106 2.6× 106
Poisson’s ratio ν 0.29 0.25 0.4
Coefficient of restitution e‡ 0.4 0.9 0.9
Coefficient of friction µ 0.2
Coefficient of rolling friction
µr
1× 10−4
∗ Red oak is the material for biomass particle. Acrylic plastic is used for the mixer structure.
†Mass-based uniform distribution with equal fraction of each particle size.
‡ This row shows the coefficient of restitution between the same material. The coefficient
between red oak and glass is 0.4. The coefficient between red oak and acrylic plastic is 0.4.
The coefficient between glass and acrylic plastic is 0.9.
where, σ2t and σ20 are the composition variance in a mixture and composition variance in a fully
segregated mixture, separately. They are calculated by
σ2t =
N∑
i=1
wi (xi − xm)2 , (2.17)
σ20 =
ρ
ρg
(1− p)2 p+ p2
(
1− ρ
ρg
p
)
, (2.18)
where, N is the number of sampling cells. xi represents the glass bead mass fraction in a cell
as shown in Figure 2.2. xm is the average glass bead mass fraction in all sampling cells. wi is
a weight factor accounting for the different sampling size effects and is calculated as the total
solid volume in a cell divided by the total solid volume in all sampling cells [85]. p is the overall
mass flow ratio of glass beads to total solid mass flow rate. ρs is the glass bead true density
and ρ is the mean true density of glass and biomass mixture calculated as
1
ρ
=
p
ρs
+
1− p
ρb
, (2.19)
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where, ρb is the biomass true density. A large composition difference among samples results in
a large value of σ2t . σ2t achieves the upper limit value of σ20 when the mixture is fully segregated.
On the contrary, σ2t achieves the lower limit value of 0.0 when the mixture composition is
uniform. The resulting range of mixing index M is [0,1].
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Figure 2.2: Grid system for local mixing analysis.
As shown in Figure 2.2, a grid system was used for different sample locations. The grid has
3 cells per pitch in the axial direction for P/D=0.75, 5 for P/D=1.25 and 7 for P/D=1.75. The
number of cells in the transverse section is 4 × 8. Considering the symmetry of the geometry
and flow, only the right part of the grid in the transverse section was used for the sampling and
mixing analysis. The size of the mesh was determined so that the average particle number in the
cells is between 30-150. This is because the variance σ2t is inaccurate if a cell is too small [87].
In the sampling grid system, the average number of particles is approximately 80 per sampling
cell. In order to guarantee each sample size, a sampling cell in which the solid fraction is less
than 0.2 is not considered as effective sample. This limit prevents the cells containing a smaller
amount of particles to be included in the mixing analysis.
2.3 Results and Discussion
2.3.1 Model validation
The DEMmodel was validated by comparing simulated results to experimental data reported
in [83]. The dimensions of the mixer and operating conditions in the simulation were identical
to the experimental studies. Visual comparison of granular flows in the double screw mixer is
shown in Figure 2.3. Snapshots from the top view and right view were taken in the experimental
studies and DEM simulations. The operating conditions are shown in Table 2.1 in case 1-2.
In the experimental snapshots, the biomass (red oak) particles have a natural brown color and
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the glass beads are gray. In order to distinguish biomass particles from glass beads in the
simulations, blue is used to render biomass particles and red is used for simulated glass beads
as seen in the snapshots taken from the DEM results.
(a) Right view
(b) Top view
L
R
L
R
Figure 2.3: Visual comparison of experimental and simulated particulate flows. In the experi-
mental snapshots, the color of biomass particles is brown and the glass beads are gray. In the
simulation snapshots, blue represents biomass particles and red is used for glass beads. The
operating conditions were: w = 40 RPM, P/D = 1.25 and f = 3.5 kg/h (case 1-2).
Particle distribution observed in the experimental study was qualitatively predicted in the
DEM simulation based on visual examination of the snapshots from both the experimental
study and DEM simulation. The smaller and heavier glass particles are partially separated
from the biomass particles and sink to the bottom of the mixer covering the bottom part of
the trough. The lighter and larger biomass particles are barely observed near the trough wall
from the right view in both the experimental and DEM snapshots, while the biomass particles
are mostly observed from the top view in both the experimental and DEM snapshots. The
differences from visual observations of the volumetric fill level in the experimental mixer and
simulated mixer are negligible. The back flow of glass particles observed in both experiments
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and DEM simulations is shown in the box in the right view. It is also observed from both the
experiments and DEM simulations that a discharging slope is formed near the outlet.
The DEM model was further validated by comparing with the experimental results [65, 83]
in terms of biomass mean residence time at different screw rotation speeds as shown in Figure
2.4. The corresponding operating conditions are listed in case 1-1, 1-2 and 1-3 in Table 2.1.
The experimental data consists of three measurements for each operating condition and some
data points overlapped with each other. When calculating the mean residence time from the
DEM results, biomass particles continuously fed into the mixer in a given period were tracked
until over 95% percent of the tracked particles left the simulation domain. The mean residence
time was averaged over the tracked particles that left the domain, and the standard deviation
of particle residence time was also calculated. From Figure 2.4, it is observed that the predicted
biomass mean residence time is in good agreement with experimental observations.
Figure 2.4: Biomass residence time in terms of screw rotation speed with non-dimensional pitch
length of P/D = 1.25. The same volumetric fill level was achieved by adjusting the biomass
mass feed rate while maintaining a 1:10 biomass-to-glass bead mass flow ratio: f = 1.75 kg/h
for ω = 20 RPM, f = 3.5 kg/h for ω = 40 RPM and f = 5.0 kg/h for ω = 60 RPM. Error bar
shows the standard deviation of biomass particle residence time in the simulation. Experimental
data came from [65, 83].
All the experimental data points are within the standard deviation range. Statistical analysis
indicates a maximum 9.8% difference between the experimental and simulated biomass particle
mean residence times. This implies that the DEM models is capable of predicting biomass
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and glass bead mixture flow durations in the double screw mixer. It is also observed that the
standard deviation range is reduced when the screw rotation speed increases.
2.3.2 Mixing time
The mixing time is an indication of how long the two materials are mixed in the double screw
mixer. This is an important factor when designing a double screw reactor such as a pyrolyzer.
The mixing time determines whether biomass particles reside long enough in the equipment to
allow desired processes to occur, such as particle heating and chemical reactions.
The mean mixing time corresponds to the average particle duration in the mixing length L
shown in Figure 2.1. The mixing time of a biomass particle is equal to the particle residence
time minus the time spent from inlet 1 to inlet 2 (Figure 2.1). The same tracking technique
was used to obtain particle mixing time from the DEM simulations as for calculating particle
residence time.
Figure 2.5: Biomass mean mixing time in terms of (a) screw rotation speed, (b) pitch length
and (c) biomass mass feed rate. In (a) and (b), the volumetric fill level in the mixer remained
constant. The error bar shows 95% confidence interval.
The mean mixing time of the biomass particles is plotted in Figure 2.5. The time was non-
dimensionalized in terms of the flow time in the ideal plug flow reactor with the same operating
condition. The non-dimensional particle mean mixing time varies between 1.008 and 1.172,
and it approaches 1.0 when the biomass feed rate is increased. This observation indicates that
the major movement of particles is in the axial direction in the screw rotation speed range of
20-60 RPM. The pathlines of two random particles are illustrated in Figure 2.6. It is noted
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that increasing the rotation speed increases the non-dimensional mean mixing time, and the
increment is nonlinear in terms of the rotation speed. This observation is in agreement with
the cited experimental study [83]. Additionally, a larger pitch length could increase the non-
dimensional mean mixing time, and the increment is also nonlinear in terms of pitch length.
The confidence interval becomes wider as the pitch length increases. When adopting a larger
pitch length screw, the axial velocity of particles is increased which has similar effects on the
mixing time as adopting higher screw rotation speed. The mean mixing time increases when
the biomass feed rate is reduced. One explanation is that the gap between the screw flight and
trough wall starts to influence the biomass movement at low biomass feed rates.
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Figure 2.6: Illustration of two random particle pathlines in the mixer with operating conditions
of ω = 40 RPM, P/D = 1.25 and f = 3.5 kg/h. The two particles are distinguished by different
colors.
2.3.3 Visual observations of particle mixing in the double screw mixer
The effects of screw rotation speed, pitch length and biomass feed rate on the mixing process
in the double screw mixer were investigated. The counter-rotating down-pumping pattern of
the double screws generates a slope in the bed from the trough wall to the mixer center at the
transverse section of the mixer. The slope can be observed in Figures 2.7–2.10. Some particles
slide down the slope and are later pushed up the slope forming a recirculation in the transverse
section. This recirculation can be observed by following the pathline of a single particle as shown
in Figure 2.6. Although this recirculation is much weaker than the recirculation observed in the
rotary drum mixer [88], it may have the same function for promoting particle mixing.
A cross section image of the mixer (slice thickness: 6 mm) was gathered to visually observe
the particle distribution within the mixer. The image location is at Lm = 3.75D, which is three
pitch lengths downstream of the glass feed inlet, and P/D = 1.25.
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ω=20 rpm ω=40 rpm ω=60 rpm
Figure 2.7: Snapshots of particle mixing at different screw rotation speeds with non-dimensional
pitch length P/D = 1.25. The snapshots were taken at Lm = 3.75D from the glass bead feed
inlet. The volumetric fill level remained constant by adjusting the biomass mass feed rate while
maintaining a 1:10 biomass-to-glass bead mass flow ratio. Blue is used to represent biomass
particles and red for glass beads. Only particles in the right screw housing are shown. Five
phases in a full rotation period are observed from top to bottom in each column.
Figure 2.7 shows the particle distribution within the slice at different screw rotation speeds.
The volumetric fill level, bed slope and particle distribution are very similar over the investigated
rotation speed range, which indicates the screw rotation speed has negligible effects on the
mixing process.
Figure 2.8 compares particle distribution in a full rotation period at the slice when different
pitch lengths are adopted for the mixer. The differences in the particle distribution are not
discernible from visual examination when the ratio of pitch length to the flight diameter (P/D)
changes from 0.75 to 1.25. However, the change in the particle distribution is obvious when
this ratio varies from 1.25 to 1.75. When the larger pitch length (P/D = 1.75) is employed,
the particle bed on the trailing side of the flight is lower in the first two phases of the period
compared to that when P/D = 1.25. The particle distribution is less uniform during the rotation
period with P/D = 1.75. The bed slope in the axial direction was further observed from the
particle distribution in the longitudinal section as shown in Figure 2.9. The bed slope increases
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P/D=0.75 P/D=1.25 P/D=1.75
Figure 2.8: Snapshots of particle mixing for different screw pitch lengths with screw rotation
speed ω = 40 RPM. The snapshots were taken at Lm = 3.75D from the glass bead feed
inlet. The volumetric fill level remained constant by adjusting the solid mass feed rate while
maintaining a 1:10 biomass-to-glass bead mass flow ratio. Blue is used to represent biomass
particles and red for glass beads. Five phases in a full rotation period are observed from top to
bottom in each column.
gradually when the pitch length increases. The change in the bed slope is relatively mild from
P/D = 0.75 to P/D = 1.25 compared to the change from P/D = 1.25 to P/D = 1.75. At
P/D = 1.75, a large and long distance slope is observed. The formed slope could enhance the
sliding of lighter biomass particles and incur the segregation of biomass particles from the glass
beads which is undesirable for mixing processes. Although the screw rotation could generate
another recirculation in the longitudinal section as reported in [68], the formation of a large
slope is more favorable to segregation than mixing as suggested by the particle distribution.
Furthermore, the free space near the trailing edge of the flight seen in Figure 2.9(c) could
also allow for biomass particles to float up to the surface from the mixture due to the density
differences, which incurs particle segregation in the transverse section. Although the formation
of the slope was also observed in the experimental study at P/D = 1.75 [83], the sampling
analysis reported in [62] indicated increasing the screw pitch enhanced particle mixing, which
is opposite to current observations of DEM simulation results. On the DEM simulation side,
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Slice position
(a) P/D=0.75
(b) P/D=1.25
(c) P/D=1.75
Figure 2.9: Snapshots of the particle distribution in the longitudinal section for different screw
pitch lengths with screw rotation speed ω = 40 RPM. The snapshots were obtained by looking
at the slice cut from right side. The volumetric fill level remained constant by adjusting the
solid mass feed rate while maintaining a 1:10 biomass-to-glass bead mass flow ratio. Blue is
used to represent biomass particles and red for glass beads.
the contradictory observations might be due to the biomass particle sphericity. The simulation
biomass particles are perfect spheres and exhibit greater propensity to roll on surfaces and
against other particles. Experiments indicate that the non-spherical shape of real biomass
particles allows auger screws to lift biomass particles, which affects the granular flow mixing
pattern. This effect was not investigated in this study.
Figure 2.10 illustrates the particle distribution at different biomass feed rates while the
biomass-to-glass bead mass flow rate is maintained at 1:10. The volumetric fill level in the
auger mixer is reduced when the biomass feed rate decreases. At the biomass feed rate of f=3.5
kg/h, some particles are lifted up by the screw flight and run across the shaft into the other side,
as shown in the last column of Figure 2.10. This flow pattern contributes to particle convective
mixing. However, this flow pattern disappears at biomass feed rates of 1.0 and 2.0 kg/h. Under
these conditions, the free space under the shaft would also allow for the biomass particles to
segregate from the mixture bed in the transverse section.
2.3.4 Mixing state evaluation in the double screw mixer
The mixing index discussed in Section 2.2.3 was employed to quantitatively evaluate the
mixing state of the multicomponent mixture. The biomass particles were considered as one
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f=1.0 kg/h f=2.0 kg/h f=3.5 kg/h
Figure 2.10: Snapshots of particle mixing at different biomass feed rates while maintaining a
1:10 biomass-to-glass bead mass flow ratio with screw rotation speed ω = 40 RPM and non-
dimensional pitch length P/D = 1.25. The snapshots were taken at Lm = 3.75D from the glass
bead feed inlet. Blue is used to represent biomass particles and red for glass beads. Five phases
in a full rotation period are observed from top to bottom in each column.
component and a pseudo binary mixture system of biomass and glass beads was assumed in
calculating the mixing index. Each plane of the grid in the transverse direction shown in
Figure 2.2 was considered as a section and each cell in the section was considered as one
sampling element. Instantaneous sampling was made in all sections 20 times equally in a period
for five periods after the flow achieved steady state. The mixing index was calculated for the
plane in terms of the composition variances in all sampling cells in a section. The mixing index
along the axial direction is shown in Figure 2.11.
Some common features are observed for all cases. At the beginning, there are only biomass
particles in the first few planes and the variance of the composition is zero. According to the
definition of the mixing index in this study, this corresponds to a mixing index of 1. However,
this does not indicate a well mixed system of biomass particles and glass beads since only
biomass particles exist at these planes. Due to the back flow of glass beads shown in Figure 2.3,
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Figure 2.11: The mixing index at each sample plane in the axial direction. The gray dash line
shows the glass feed inlet position.
the mixing starts before the glass bead feed inlet and a relatively small local mixing index
is seen before the feed location. The value of the mixing index increases in the next several
planes and then oscillates around a value in a regular pattern. The index oscillation as visually
seen in Figures 2.7, 2.8 and 2.10 indicates varying mixing and segregation states along the
axial direction. As particles are transported downstream, particle axial segregation occurs in a
regular mixing-demixing-mixing pattern. In most cases, the mixing index at the exit section is
small because of particle segregation at that point.
The first row in Figure 2.11 shows the mixing index profiles along the axial direction at
different screw rotation speeds. The mixing index profiles are very similar in terms of index
value, oscillation amplitude and pattern. The index value varies in a wide range from 0.6
to 0.8 with similar pattern after achieving steady oscillation. At higher rotation speeds (60
RPM), more kinematic energy is provided and the maximum value of the mixing index decreases
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along axial direction, which indicates particle segregation is enhanced in the downstream. The
oscillation period of the mixing index in the axial direction is approximately consistent with the
screw pitch.
The second row in Figure 2.11 shows the mixing index profiles at different pitch lengths. The
mixing-demixing-mixing pattern remains when the pitch length is changed but the mixing index
profile varies in terms of the index value, oscillation amplitude and frequency. The mean value
of the mixing index decreases when the pitch length is increased. The approximate mean value
is 0.83 for P/D = 0.75, 0.75 for P/D = 1.25, and 0.6 for P/D = 1.75. The oscillation amplitude
is enhanced as the pitch length is increased which indicates axial segregation is enhanced and
an inferior mixing is expected. Besides, the oscillation frequency varies when the pitch length is
changed. The oscillation period of the mixing index is approximately consistent with the screw
pitch in each case.
It is worth noting that the simulation result of the effects of pitch length on the mixing
degree is not consistent with that reported by Kingston and Heindel [62]. In addition to the
effects of particle shape in DEM simulations and sampling method in the experiment on the
concluded results, the sampling location could have a great impact on the mixing performance
evaluation of the double screw mixers. Sampling at a single location may not reflect the mixing-
demixing-mixing pattern in the double screw mixers observed from the DEM simulation results.
The third row in Figure 2.11 shows the mixing index profiles at different biomass feed rates.
It is observed that reducing biomass feed rate significantly enhances the oscillation amplitude,
which indicates axial segregation is enhanced at a lower biomass feed rate. The oscillation
period of the mixing index is consistent with the screw pitch.
The quantitative analysis of the mixing index at each plane is in agreement with the analysis
from the visual observations of DEM simulations. Generally, screw rotation speed does not affect
the mixing process in the double screw mixer significantly, which is consistent with Kingston
and Heindel [62], but the transport capacity increases significantly with higher rotation speed
as shown in Table 2.1. The particle segregation in the axial direction is enhanced when the
pitch length increases. Reducing biomass feed rate is not favorable for particle mixing.
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2.3.5 Mixture composition effects on mixing state
Three mixture systems (case 1-2, 4-1 and 4-2 in Table 2.1) were also investigated to de-
termine how the mixture system affects the performance of the double screw mixer under the
same operating conditions. Figure 2.12 shows snapshots of the particle distribution at location
Lm = 3.75D from the glass bead feed inlet in three mixture systems. The particles have a
similar distribution in three mixture systems and approximately the same volumetric fill level.
It was also observed a better particle mixing in binary mixture I which is composed of mono-
sized biomass and glass particles compared to mixture system II and multicomponent mixture
systems, which indicates increasing size ratio of biomass particles to glass beads is not beneficial
to the particle mixing.
Figure 2.12: Snapshots of particle mixing in different mixer systems with screw rotation speed
ω = 40 RPM, non-dimensional pitch length P/D = 1.25, and biomass feed rate f = 3.5 kg/h.
The snapshots were taken at Lm = 3.75D from the glass bead feed inlet. Blue is used to
represent biomass particles and red for glass beads. Five phases in a full rotation period are
observed from top to bottom in each column. Binary mixture I: Db = 1.0 mm, Dg = 1.0 mm;
Binary mixture II: Db = 2.0 mm, Dg = 1.0 mm; Multicomponent mixture: Db has a size
distribution from 1.0 to 5.5 mm and Dg = 1.0 mm.
Figure 2.13 shows the mixing index at each plane. Quantitative analysis shows differences
in the mixing index profiles along the axial direction in terms of the index mean value and
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Figure 2.13: The mixing index for instantaneous sampling at each plane for different mixtures.
(a) Binary mixture: Db = 1.0 mm, Dg = 1.0 mm. (b) Binary mixture: Db = 2.0 mm,
Dg = 1.0 mm. (c) Multicomponent mixture: Db has a size distribution from 1.0 to 5.5 mm and
Dg = 1.0 mm. The operating conditions are constant for (a) and (b) as (c) except the mixture
particle size. The gray dash line shows the glass feed inlet position.
oscillation amplitude. In the binary mixture of monosized biomass and glass particles (Figure
2.13 (a)), a higher mixing degree is achieved than the other two mixture systems, which is
consistent with the visual observations, and the mixing index oscillation along the axial direction
is negligible. The mixing index profiles have some similarities between the binary mixture of
glass beads and biomass particles with diameters of 1 and 2 mm (Figure 2.13 (b)), and the
multicomponent mixture (Figure 2.13 (c)). The two mixture systems have similar mixing-
demixing-mixing pattern and the mean mixing index value is approximately the same. The
oscillation period of the mixing index profile in both systems is consistent with the screw pitch.
However, a smaller oscillation amplitude is observed for the binary mixture of glass beads and
biomass particles with diameters of 1 and 2 mm compared to the multicomponent mixture.
2.4 Conclusion
The current research presented a DEM study of the particulate flow in a lab-scale double
screw mixer in which polydispersed biomass particles and glass beads are transported and
mixed. The biomass particle size distribution was considered in the DEM model. We found that
a mixing-demixing-mixing oscillation pattern exists along the axial direction in the mixer for
all the multicomponent mixture systems, which is not observed in a monosized mixture system.
Compared to experimental research, DEM provides more insights of the granular flow in the
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mixer such as particle trajectory, particle velocity, as well as local mixing state, which are either
economically expensive or impossible to be measured with current experimental techniques.
The model was validated by comparing the DEM predictions with experimental studies
through visual examination of particle distribution and statistical analysis of particle residence
time. Statistical analysis indicates a maximum 9.8% difference between experimental and sim-
ulated biomass particle mean residence time, and visual observations suggest the simulation
captures the particle mixing trends found in the experiments.
Screw rotation speed, screw pitch length and solid particle feed rate were varied and the
effects on the mixing performance of screw mixer were quantitatively evaluated in terms of
mean particle mixing time and mixing index in the multicomponent mixture system. The
particle mean mixing time non-dimensionalized by the flow time in the ideal plug flow reactor
varies between 1.008 and 1.172, and it approaches 1.0 when the biomass feed rate is increased.
Increasing screw rotation speed in a range of 20-60 RPM or screw pitch length increases the
average particle mixing time to a limited degree. Reducing biomass feed rate increases mean
mixing time due to the influence of gap between the screw flight and trough wall.
Screw rotation speed has negligible impact on the mixing degree in the screw mixer when
the volumetric fill level and screw pitch remained constant. Increasing the screw pitch length is
detrimental to the mixing performance due to enhanced particle axial segregation. Decreasing
the solid particle feed rate results in a decline in the mixing degree, and segregation in the
transverse section is increased as a possible result of free space under the shaft.
Mixing performance of the screw mixer for three different mixture systems were compared.
Increasing the ratio of biomass size to the glass bead size results in inferior mixing. The mixing
pattern of the binary mixture of glass and biomass beads with diameters of 1 and 2 mm is
similar to the multicomponent mixture system which indicates a possibility that the binary
mixture system can be modeled as a surrogate of the multicomponent system in engineering
applications.
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CHAPTER 3. PARTICLE-SCALE MODELING OF HEAT TRANSFER
IN GRANULAR FLOWS IN A DOUBLE SCREW REACTOR
A paper in preparation for submission
Fenglei Qi and Mark Mba Wright
Abstract
Heat transfer in granular flows plays an important role in particulate material processing
such as food production, pharmaceuticals and biorenewable energy production. Better under-
standing of the thermodynamics in granular flows is essential for equipment design and product
quality control. In this research, we proposed a particle-scale heat transfer model which consid-
ers both conductive heat transfer and radiative heat transfer. A particle-wall heat transfer model
was also proposed for resolving particle-wall conductive and radiative heat transfer. The devel-
oped thermal Discrete Element Method (DEM) model was validated by modeling heat transfer
in packed beds and comparing simulation predictions with experimental measurements. We ap-
plied the thermal DEM model to the simulation of heat transfer in binary component granular
flows in a double screw reactor designed for biomass fast pyrolysis to gain better understanding
of the heat transfer in the system. We identify the existence of both spatial and temporal tem-
perature oscillations in the double screw reactor. The effects of the operating conditions on the
average temperature profile, biomass particle temperature probability distribution, heat flux
and heat transfer coefficient are analyzed. We report that the particle-fluid-particle conductive
heat transfer pathways are the dominant contributors to the total heat flux, which accounts for
approximately 70%-80% in the total heat flux. Radiative heat transfer contributes 14%-26% to
the total heat flux and the conductive heat transfer through contact surface takes only 1%-5%
36
in the total heat flux. The total heat transfer coefficient in the double screw reactor is also
reported, which varies from 70 to 110 W/(m2K) depending on the operating conditions.
3.1 Introduction
Heat transfer in dense particulate flows has seen a lot of applications in fluidized bed reac-
tors [89, 90, 50], packed bed reactors [91], rotary kilns [92, 93] and screw dryers [94, 30] that
have been widely used in fuel and energy production, food production, and catalyst manufac-
turing processes. In the production of biofuel, novel screw reactors have recently been developed
and employed in several studies [9, 10, 61, 11, 12, 13], and the biofuel production performance
is reported to be comparable to fluidized bed reactors [61]. In screw reactors, usually single
screw or double screws are installed in a housing, and the rotation of screw(s) mechanically
fluidizes loaded particulate matters in a mild state without any requirement of fluidization gas.
While most past research focused on the performance of screw reactors in biofuel production,
few research has been done to examine granular flow, heat transfer and mass transfer in such
reactors. However, understanding the underlying particulate flow and heat transfer physics is
essential for reactor design optimization, robust reactor operation and reactor scale-up.
Experimental measurements of heat transfer parameters in particulate flows have met nu-
merous difficulties and it becomes even harder with the existence of moving parts in screw
reactors. As an alternative, numerical simulation was sought in previous research either for
fundamental studies [95, 96] or evaluations of heat transfer performance in process equipment
[92, 49, 97]. In general, there are two methods for modeling particulate flows. The first method
is to consider the particulate matter as a continuous medium and mass, momentum and en-
ergy equations are built for the solid phase just as for the fluid. This method is called Eulerian
method and the difficulty in this method is to formulate an accurate constitutive law accounting
for the rheology of particulate matters. The second method is to treat each single particle as
a discrete entity and the motion of each entity is resolved following Newton’s equations of mo-
tion. This method is usually called Discrete Element Method (DEM) and was first proposed by
Cundall and Strack [35] to model the hydrodynamics of granular assembly. In the last decades,
some efforts were reported to extend DEM to incorporate heat transfer models in order to sim-
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ulate non-isothermal or reacting particulate flows [50, 49, 44, 45, 46, 47, 42, 48, 51]. Due to
the computational cost in tracking each particle, the application of this method is restricted to
particulate systems of a few millions of particles. In this research, the DEM was employed to
resolve the motion of particles in a screw reactor and particle scale heat transfer models were
developed and coupled to the DEM.
Progress has been made in identifying different heat transfer mechanisms in dense particulate
flows and various heat transfer models were proposed in the literature. In dense particulate
flows, particles have either high frequency to collide with surrounding particles such as in
bubbling fluidized beds or have long-time contact with surrounding particles in fixed beds. In
addition to convective heat transfer pathways between particles and the moving fluid around
the particles, particle-particle interactions were reported to have a nontrivial contribution to
the total heat transfer in some situations [98, 99, 100]. Batchelor and O’Brien [101] derived
an approximate analytical solution for the heat conduction through two overlapping spherical
particles and proposed the conductive heat flux is proportional to the radius of the contacting
surface. They also proved that heat conduction is the main pathway when the fluid around
particles is stagnant and the ratio of the particle thermal conductivity to the fluid conductivity
is very large (kp/kf  1). This model has been widely implemented in DEM in later research
[44, 42, 51, 98, 102, 103]. In the case of short-time particle collision, the radius of the contacting
surface varies quickly and a different model was proposed by Sun and Chen [52] to account for
transient heat conduction through the contacting surface. Li et al. [45, 104] applied this model
in simulating conductive heat transfer between particle and particle, and particle and wall in
pneumatic transport of granular particles. Zhou et al. [105] improved the model through finite
element modeling and the model was employed in later DEM modeling [50, 99]. The conductive
heat transfer through stagnant interstitial fluids were considered in [44] and the distribution
of conductive heat flux by particle-fluid-particle pathway and particle-particle pathway was
investigated. The result indicates the conductive heat transfer by the particle-fluid-particle
pathway is the dominant contributor when the ratio of particle thermal conductivity to the fluid
conductivity is not very large (kp/kf < 1000). Research of [46, 51, 98, 100, 106] developed heat
transfer models for DEM involving both particle-particle conduction and particle-fluid-particle
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conduction pathways. Models accounting for radiation between particles were also developed
in [49, 107, 53] and it was pointed out that the contribution of radiation heat transfer becomes
important at high temperature.
Limited research has been carried out to examine particulate flows and heat transfer in
screw dryers/reactors. Empirical correlations were used in predicting heat transfer in auger
reactors [108, 109] but no proper validation for their models was provided in both research. In
order to examine heat transfer mechanisms in granular flows in a double screw reactor [61], a
particle-scale heat transfer model involving particle-particle conduction, particle-fluid-particle
conduction and particle-particle radiation was developed in this paper. The model was first
validated by comparing model predictions with experimental measurements in the study of heat
transfer in packed beds. The model was then applied to simulate heat transfer in granular flows
in the double screw reactor and the operation parameter effects on the temperature oscillation,
average temperature, temperature probability distribution were evaluated. The heat flux and
heat transfer coefficient of biomass particles were also analyzed.
3.2 Model description
3.2.1 Double screw reactor
The modeled double screw reactor was designed by Brown [61] and the geometry is shown
in Figure 3.1. Two screws are installed in the trough. The left screw flight is left-handed
and the right screw flight is right-handed. As show in the Figure 3.1 (a), when the left screw
is rotating in the clockwise direction and the right screw is rotating in the counter-clockwise
direction, the bulk material is pushed forwards from the inlet side to the outlet side along the
axial direction. At the cross section, the materials are pumped downwards at the center of
the reactor. This material flow pattern in the double screw reactor is often called “Counter-
Rotating Down Pumping” [62]. The screw rotation speed varied from 20 RPM to 60 RPM in
the operation of reactor [61].
There are two inlets which separately feed biomass particles (red oak) at the inlet 1 and
heat carrier particles (sand) at inlet 2 into the reactor as shown in Figure 3.1 (a). The biomass
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particle has a particle size range of 300-710 µm in the experiments [61] and is fed into the system
at the ambient temperature. The sand particle either has a particle range of 250-600 µm (fine
sand) or 600-1000 µm (coarse sand) in the experiments and is fed into the system at high
temperature depending on the reaction temperature requirement.
Mixing Length L
Inlet 1 Inlet 2
S
H
W
Trough wall Screw Shaft
(a)
P
D d
(b)
Figure 3.1: Geometry of the double screw reactor. Biomass particles are fed into the reactor
at inlet 1 and sand particles are fed into the reactor at inlet 2. Reactor dimensions include
mixing length L, width W , height H, shaft center distance S, screw flight diameter D, screw
pitch P and shaft diameter d. Screws rotate in opposite directions pumping down particles at
the center of the reactor (Counter-Rotating Down Pumping). The ratio of the mixing length L
to the screw flight diameter D is 10 in this study. The ratio of the screw pitch P to the screw
flight diameter D remains 1.25.
3.2.2 Discrete element method(DEM)
DEM is a numerical technique that resolves each individual particle motion in a particulate
system containing a collection of particles. With regard to particle dynamics, the DEM model
in this work is based on the so-called soft sphere approach that has been implemented in
LIGGGHTS [84]. In this approach, particle collision is resolved and contact forces are calculated
based on the deformation at the contact point by adopting force-displacement models such
as linear spring-dashpot model and Hertz-Mindlin nonlinear model [37]. In this research, we
employed the Hertz-Mindlin model which was proposed in [110, 111]. The translational and
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rotational motion are resolved by numerically integrating Newton’s and Euler’s equations for
spherical particles, written as
mi
dvi
dt
=
∑
j
F cij + F
f
i + F
g
i , (3.1)
Ii
dwi
dt
=
∑
j
(T t,ij + T r,ij) , (3.2)
where,mi and Ii (=2/5miR2i ) are the mass of particle i and the moment of inertia of the particle,
separately. vi and wi are the translational and rotational velocities of the particle. The forces
in Equation (4.1) include contact force F cij between particle i and surrounding particle j that
collides with particle i, drag force acting on particle i by fluid F fi , and gravitational force F
g
i .
The torques acting on particle i includes both T t,ij and T r,ij . The torque T t,ij is generated by
the tangential force F ct,ij which is the component of the contact force F
c
ij with direction parallel
to the contacting surface between particle i and j. The torque T r,ij , called rolling friction torque,
is generated by asymmetric distribution of the normal contact force F cn,ij , the other component
of F cij with direction perpendicular to the contact surface. In this research, the drag force is
ignored in the bed of double screw reactor since the major forces arise from mechanical torques
by the shaft. The mechanical forces are transferred by particle-particle contacts/collisions and
particle-wall contacts/collisions in the bed. The equations for calculating the forces and the
torques acting on particle i are summarized in Table 3.1 .
3.2.3 Particle-scale heat transfer model
In this research, we assume a homogeneous temperature distribution within particles so that
no mathematical model is required for resolving intra-particle temperature. The evolution of
the temperature Ti for particle i is then calculated as
micp,i
dTi
dt
=
∑
j
Qij , (3.3)
where, mi is the mass of the particle, cp,i is the specific heat capacity of the particle, and Qij is
heat transfer rate between particle i and neighbor particle/wall j which includes both conductive
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Table 3.1: Equations for calculating contact forces and torques in DEM
Force or torque Equation
Normal force
F cn,ij
−43E∗
√
R∗δ3/2n nˆij +√
20
3 β
(
m∗E∗
√
R∗δn
)1/2
vn,rel
Tangential force
F ct,ij
min{−8G∗√R∗δnδttˆij +√
20
3 β
(
4m∗G∗
√
R∗δn
)1/2
vt,rel, −µ|F cn,ij |tˆij}
Torque T t,ij Ri × F ct,ij
Torque T r,ij −43µrE∗R∗
√
R∗δ3/2n ωrel/|ωrel|
where, 1m∗ =
1
mi
+ 1mj ,
1
R∗ =
1
Ri
+ 1Rj ,
1
E∗ =
(1−ν2i )
Ei
+
(1−ν2j )
Ej
1
G∗ =
2(2−νi)(1+νi)
Gi
+
2(2−νj)(1+νj)
Gj
, β = ln(e)/
√
ln2(e) + pi2
nˆij = (xj − xi)/|xj − xi|, vrel = vi − vj + ωi ×Ri − ωj ×Rj ,
ωrel = ωi − ωj , vn,rel = (vrel · nˆij)nˆij , vt,rel = (vrel × nˆij)× nˆij ,
Ri = Rinˆij
heat transfer and heat exchange by radiation between them. The fluid movement relative to the
particles is ignored in the screw-driven moving bed and the convective heat transfer between
fluid and particles is not considered in this research.
3.2.3.1 Conductive heat transfer
For the heat conduction due to particle-particle contact as shown in Figure 3.2 (a), the
equation of Batchelor and O’Brien [101] is adopted but a modified coefficient reported in [44]
is used:
Qppi,j =
4crc(Tj − Ti)
1
kp,i
+ 1kp,j
, (3.4)
where, Qppi,j is conductive heat transfer rate through particle-particle contact surface; rc is the
radius of the contact surface obtained in the DEM simulation; kp,i and kp,j are particle thermal
conductivities. In the DEM model, a several orders smaller Young’s modulus is usually adopted
as a general practice in order to reduce computational cost. The contact radius is overestimated
with the smaller Young’s modulus in the DEM model which results in overprediction of the
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Figure 3.2: Illustration of conductive heat transfer pathways between two particles. (a) particles
in contact. (b) particles not in contact.
conductive heat transfer rate. A coefficient c is incorporated to correct the overestimated
contact radius and formulated as [98]
c =
(
E∗
E∗0
)1/5
. (3.5)
In the equation, E∗ is the value of Young’s modulus used in the DEM model and E∗0 is the real
value of Young’s modulus of the materials.
Another contribution to the total conductive heat transfer between two particles is by
particle-fluid-particle conduction pathway as indicated in Figure 3.2 in both contacting and
uncontacting scenarios. In a particulate bed, a particle has a complicated connection with sur-
rounding particles and the heat transfer with surrounding particles by the particle-fluid-particle
conduction is affected by this connection. Cheng et al. [44] proposed a simplified double cone
boundary model to define particle-fluid-particle heat transfer boundaries for a particle and each
of its neighbor particles. As illustrated in Figure 3.2, AB and A′B′ define the heat transfer
boundary between particle i and j in both contacting and uncontacting scenarios. The cones
OiAA
′ and OjBB′ define the conductive heat transfer depth at various radial positions. At
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radial position r, the interstitial gas film thickness lg is written as
lg = 2[(R+H)−
√
(R2 − r2)], (3.6)
and the heat transfer depth ls in the particle is defined as
ls =
√
R2 − r2 − r(R+H)/rij , (3.7)
where R is the particle radius, H is the gap distance between particle i and j, which is equal to
(dij − 2R)/2 with dij being the distance between centers of particle i and j. The gap distance
is positive in the uncontacting scenario and it is negative in the contacting scenario. The heat
transfer rate calculation due to the particle-fluid-particle pathway is written as:
Qpfpij = (Tj − Ti)
∫ rsf
rsij
2pirdr
ls · (1/kpi + l/kpj) + lg/kf . (3.8)
In the equation, kf is the interstitial fluid conductivity, the upper integral limit is related to
the particulate bed structure and formulated as
rsf =
R · rij√
r2ij + (R+H)
2
, (3.9)
where, rij in both Equation (3.8) and Equation (3.9) is calculated as
rij = 0.560R (1− αs,i)−
1
3 , (3.10)
where αs,i is local solid fraction. The lower integral limit in Equation (3.8) is 0 when particles
are not in contact and rc when particles are in contact. The heat flux between two particles is
ignored for H/R > 0.5 according to [49].
3.2.3.2 Radiative heat transfer
The radiation heat transfer boundaries for a particle and each of its neighbor particles
are defined the same as for the particle-fluid-particle heat transfer pathways with additional
assumptions [53]. The assumptions are: the spherical particles are opaque and gray emitting;
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the double cone surface ACBB′C ′A′ in Figure 3.2 is perfectly insulated and diffusely reflective.
Under these assumptions, the radiation heat exchange between particle i and j are formulated
as:
Qradij =
σ(T 4j − T 4i )
1−r,i
r,iAi
+ 1
AiFij+[1/(AiFiR)+1/(AjFjR)]−1
+
1−r,j
r,jAj
(3.11)
where, σ is the Stephan-Boltzmann constant 5.6696× 10−8W/(m2 ·K4). r,i and r,j are emis-
sivities of particle i and j. Ai and Aj are the areas of spherical caps AA′ and BB′ defined by the
double cone boundary model. Fij is the view factor between the two spherical caps. FiR is the
view factor between spherical cap AA′ of particle i and the double cone surface ACBB′C ′A′,
and FjR is the view factor between spherical cap BB′ of particle j and the double cone surface
ACBB′C ′A′. According to the definition of the view factor, Fij + FiR = 1 and Fji + FjR = 1.
If the diameters of particle i and j are the same, we have Fij = Fji. In this case, the Equation
(3.11) is rewritten as
Qradij =
σ(T 4j − T 4i )
1−r,i
r,iAi
+
1−r,j
r,jAj
+ 2Ai(1+Fij)
. (3.12)
In the equation, view factor Fij is defined as
Fij =
1
Ai
∫
Ai
∫
Aj
cosφicosφjdAidAj
piL2
, (3.13)
where, L is the distance of the line connecting elements dAi on Ai and dAj on Aj . φi is the
angle between the normal of the surface element dAi and the line while φj is the angle between
the normal of the surface element dAj and the line.
In this research, correlations for calculating view factors in Equation (3.11) are built in terms
of dij/R and other parameters in the double cone boundary model by using the MONT3D soft-
ware [112]. In this software, the Monte Carlo method is used to calculate the view factor
between surfaces. The validation of the MONT3D in predicting view factors between enclosed
surfaces are shown in Figure 3.3, in which the view factors obtained by using the MONT3D
for two identical parallel square plates and two identical spheres are compared to theoretical
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solutions. In general, a good agreement is observed in both cases. In Figure 3.3 (b), the differ-
ences observed near C/R = 2.0 are due to the limited accuracy of the approximate theoretical
solutions when two spheres are very close to each other as reported in [113].
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Figure 3.3: Comparison of view factors calculated from MONT3D and theoretical solutions.
(a) two identical parallel square plates with width W and distance H, (b) two identical spheres
with radius of R and center distance of C. Theoretical solution for two identical parallel
square plates: F = 1
piw2
[ln (1+w
2)2
1+2w2
+ 4w(
√
1 + w2 · arctan w√
1+w2
− arctan w)] and w = H/W .
Approximate theoretical solution for two identical spheres: F = 2h2 − 2h√h2 − 1 − 1 and
h = C/R [113].
Under the double cone boundary model, the view factor correlation for two uncontacting
particles at very loose random packing (solid fraction αs = 0.56) is formulated as
Fij = 0.06233
(
dij
R
)7.051( 1
r˜2ij + 0.25 (dij/R)
2
)7.364
, (3.14)
where, r˜ij is written as
r˜ij = rij/R = 0.56 (1− αs,i)−
1
3 , (3.15)
and the correlation for two contacting particles is correlated in terms of dij/R as
Fij = 0.4225
dij
R
− 0.3371. (3.16)
where, dij is the distance between particle centers. Figure 3.4 shows the comparisons between
the correlation results and predictions from MONT3D.
46
2 2.2 2.4 2.6 2.8 3

0
0.1
0.2
0.3
0.4
0.5
0.6

1.9 1.92 1.94 1.96 1.98 2

0
0.1
0.2
0.3
0.4
0.5
0.6

a b
Figure 3.4: View factors of particles in contact (a) and particles not in contact (b) under the
double cone boundary model. Red dots are predictions from the MONT3D and blue lines
are plots of formulated correlations. Correlations: (a) F = 0.4225dijR − 0.3371 and (b) F =
0.06233
(
dij
R
)7.051(
1
r˜2ij+0.25(dij/R)
2
)7.364
.
3.2.3.3 Particle-wall heat transfer
When the interaction between a particle and an infinite plane wall is detected, Equation
(3.8) can be extended to account for particle-fluid-wall conductive heat transfer in addition
to particle-wall conduction through contact surface. The heat transfer model is illustrated in
Figure 3.5 (b). The heat rate is calculated as:
Qpfwiw = (Tj − Tw)
∫ rsf
rsiw
2pirdr
ls · (1/kpi + 1/kw) + lg/kf , (3.17)
where, kw is the thermal conductivity of the wall, lg is the thickness of gas film between particle
and wall, which is formulated as
lg = (R+H)−
√
(R2 − r2), (3.18)
and the heat penetration depth in the particle ls is calculated as
ls =
√
R2 − r2 − r(R+H)/rij , (3.19)
where, H is the closest distance from sphere surface to the wall surface. The equations (3.4) and
(3.11) are employed to compute heat-wall conduction through contact surface and radiation,
separately, with wall properties substituted for particle j in the equations.
47
Triangle meshes are usually employed to represent complex surfaces in DEM simulations in
order to capture the interactions between particles and walls. The heat transfer between parti-
cles and triangle meshes is resolved to predict the heat transfer between particles and surfaces
in this research. Figure 3.5 (a) illustrates some treatments in developing particle-triangle heat
transfer model. An effective circular surface is used to simplify the integral operations on the
triangle surface in numerically solving the Equations (3.17) and (3.11). The effective circular
surface has the same area as the triangle mesh and the effective radius is called reff . The
center of the circular plane D is either located at the contact surface center or at the point in
the triangle plane which has the shortest distance to the sphere. The circular surface is adjusted
to be perpendicular to the line connecting the center of the circular to the center of the sphere.
The upper limit of the integral is either rsf or the radius of the effective circular plane reff
depending on which one is smaller. The view factor between the spherical cap and the effective
circular surface can also be developed with MONT3D.
di
rij
rsf
H
A A’
B B’
Oi
di
rij
rsf
H
A A’
B B’
Oi
Effective circular surface
Effective circular surface
A
B
C
A
B
C
D
(a) (b)
a
b
Figure 3.5: Illustration of particle-triangle heat transfer model. (a) effective circular surface;
(b) heat transfer model. Dash lines show the effective circular surface having the same area as
the triangle ABC.
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3.2.4 Parameters in the DEM model
Biomass and sand material properties are listed in Table 3.2. Properties such as thermal
conductivity and specific heat capacity are usually functions of temperature. However, they
were kept constant in this study. The ratio of the biomass thermal conductivity to the fluid
thermal conductivity is 5:1. The diameters of the biomass and sand particles are equal and the
particulate system is a binary mixture in which only particle density is different. The time step
in DEM remains 5× 10−6 which is approximately 5%-6% of Hertz contact time defined as
tHertz = 2.87
(
m∗
vrelR∗(E∗)2
)1/5
, (3.20)
where, m∗, R∗, E∗ and vrel are defined in Table 3.1.
Table 3.3 lists all the operating conditions of cases studied in this paper. The volumetric
fill level is calculated following the equation:
f =
pid3pN/6
0.56V
, (3.21)
where, dp is the particle diameter, N is the averaged particle number in one pitch, 0.56 is
solid volumetric fraction at very loose random packing, and V is the void space volume in one
pitch. We investigated the effects of three parameters including screw rotation speed, reactor
volumetric fill level and particle size, on the heat transfer performance of the double screw
reactor in this study.
3.3 Model validation
The particle-scale heat transfer model was implemented based on the LIGGGHTS code [84].
The validation of the heat transfer model is achieved by comparing simulation results with exper-
imental measurements of heat transfer in packed beds in terms of effective thermal conductivity
(ETC), which is defined as
ke =
q
(Th − Tc) /L, (3.22)
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Table 3.2: Biomass and sand properties in DEM
Material∗ Red oak Sand Steel
Material mechanical properties
Density ρ (kg/m3) 550 2680 -
Diameter dp (mm) Varied Varied -
Young’s Modulus E (Pa) 6.0× 106 6.0× 106 6.0× 106
Original Young’s Modulus Eo
(Pa)
1.2× 1010 7.0× 1010 2.0× 1011
Poisson’s ratio ν 0.29 0.25 0.3
Coefficient of restitution e † 0.4 0.65 0.65
Coefficient of friction µ 0.2
Coefficient of rolling friction µr 1× 10−4
Material thermal properties
Initial Temperature T0 (K) 300 844 788
Conductivity k
(
W
m·K
) ‡ 0.2 1.3 38
Specific heat capacity cp
(
W
kg·K
)
2023 730 490
Emissivity r 0.9 0.8 0.8
∗ Red oak is the material for biomass particles and sand for heat carrier particles. Steel is used
for reactor structure.
† This row shows the coefficient of restitution between the same material. The coefficient between
red oak and sand is 0.4. The coefficient between red oak and steel is 0.4. The coefficient between
sand and steel is 0.65.
‡ The fluid thermal conductivity is 0.039 W/m · K.
where, q is heat flux with unit of W/m2; (Th − Tc) is the temperature difference in the bed and
L is heat transfer depth.
Previous research has confirmed that the ETC calculation is independent of the cube size
sampled from a packed bed when the cube dimension in each direction is greater than 8 particle
diameters [44]. In this study, the modeled packed bed size (Figure 3.6) is 13dp × 13dp × 16dp
which is the same as [49]. An unidirectional heat flux is generated by setting a temperature
difference between the top wall and the bottom wall and prescribing the other four side surfaces
as periodic boundaries. In calculating ETC in Equation 3.22, the temperature difference is
calculated from the top wall and bottom wall temperature. The heating flux q is calculated
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Table 3.3: Simulation design for heat transfer study in screw reactors
Case No.
Rotation
speed ω
(rpm)
Particle diameter
dp (mm)
Biomass feed
rate m˙ (kg/h)
Volumetric fill
level f
1 20 2.0 1.75 0.37 (High)
2 40 2.0 3.50 0.37 (High)
3 60 2.0 5.00 0.37 (High)
4 40 1.0 3.50 0.37 (High)
5 40 1.0 1.00 0.10 (Low)
6 40 2.0 2.00 0.20 (Medium)
7 40 2.0 1.00 0.10 (Low)
by summing up heat transfer rates between particles and the bottom wall of the bed and then
being divided by the area of the bottom wall.
13d 13d
16d
Hot surface
Cold surface
Figure 3.6: Modeled packed bed system for heat transfer model validation.
In the first validation, the thermal conductivity of the bed particle was varied from 0.8 to 55.0
W/(m ·K) while the interstitial fluid conductivity was fixed at 0.02818 W/(m ·K). 2890 parti-
cles with diameter of 2 mm and density of 1000 kg/m3 were randomly packed within the cuboid
and the bed solid fraction is approximately 0.56. Other parameters used in the model include
particle specific heat capacity Cp = 573.0W/(kg ·K), Young’s Modulus E = 1×107 Pa, Poisson
Ratio ν = 0.3, friction coefficient µ = 0.4, and original Young’s Modulus E0 = 1 × 1010 Pa.
The same properties were set for both top and bottom walls. The temperatures of the top wall
and the bottom wall were set to 298.15 K and 398.15 K, separately. In addition, both primitive
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method (mathematical description of geometric planes) and surface discretization method were
employed to represent both the top and bottom walls in the simulation with the consideration
of testing the particle-triangle heat transfer model introduced in section 3.2.3. In the surface
discretization method, triangle meshes are employed which has an average characteristic length
of 0.54dp. The mesh size has been studied and shows negligible effects on the predicted ETC.
The calculated ETC was compared with the experimental data collected by Cheng et al. [44]
in Figure 3.7 (a). A good agreement is observed between the predicted ETC and the measured
ETC in a wide range of particle thermal conductivities. The particle-triangle heat transfer
model shows a similar prediction of ETCs compared to the primitive wall method.
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Figure 3.7: Comparison of DEM predicted Effective Thermal Conductivity (ETC) with exper-
imentally measured ETC. A primitive wall is a geometrical surface described mathematically
and the meshed wall method represents the geometrical wall with a set of triangles.
In the second validation, the temperature of the bottom wall was increased gradually from
498 K to 748 K with an increment of 50 K to test the performance of the heat transfer model
at higher bed temperatures. The temperature of the top wall was 50 K less than the bottom
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wall and a 50 K temperature difference was maintained for all the simulations. A total of
3095 particles with diameter of 4.76 mm were randomly packed within the cuboid and the
bed solid fraction is approximately 0.6. Particle conductivity was set to 1.521 W/(m ·K), the
specific capacity was set to 700 W/(kg ·K), the emissivity was 0.9, and all three parameters
remained constant for all simulations. The conductivity of the interstitial fluid is fixed at 0.039
W/(m ·K). Other properties of the particle include Young’s Modulus E = 1× 107 Pa, Poisson
Ratio ν = 0.3, friction coefficient µ = 0.4, and original Young’s Modulus E0 = 5× 1010 Pa.
The predicted ETC was plotted in terms of bed average temperature in the steady state as
shown in Figure 3.7 (b) and compared with the experimental measurements from Walko and
Kato [114]. The predictions from DEM are in agreement with experimental measurements at
various temperatures.
3.4 Results and discussion
3.4.1 Observations of temperature distribution
Particle and temperature distributions in transverse sections are shown in Figure 3.8 at
different operating conditions. The snapshots of the transverse sections were extracted at the
end of each pitch downstream the sand feed inlet. In this study, we observed that the particle
distributions at different screw rotation speeds are very similar when the volumetric fill level
remained constant [115]. Moreover, the particle temperature distributions in the transverse
sections and the variation of the temperature distribution from one axial location to the other
are both very similar. For simplicity, only snapshots of particle and temperature distributions
at screw rotation speed ω = 40 rpm are shown in Figure 3.8. It is observed that the particle
temperature distribution aligns with the particle distribution. In the first two axial locations
L/D = 1.25 and L/D=3.75, hot spots are clearly observed at the location where sand particles
reside and relatively cold spots are observed at the locations occupied by biomass particles in
Figure 3.8 (a) and (b). The particle temperature distribution approaches uniform along the
axial direction due to the heat transfer between the sand and biomass particles. Both the hot
and cold spots shown at location L/D=1.25 disappear at L/D=8.75.
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Pitch 1 Pitch 3 Pitch 5 Pitch 7L/D = 1.25 3.75 6.25 8.75
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Pitch 1 Pitch 3 Pitch 5 Pitch 7L/D = 1.25 3.75 6.25 8.75
b
Ptich 1 Ptich 3 Ptich 5 Ptich 7L/D = 1.25 3.75 6.25 8.75
c
Figure 3.8: Snapshots of particle and temperature distributions in transverse sections. The
operating conditions are (a) particle diameter dp = 2 mm, volumetric fill level f = 0.37 and
screw rotation speed ω = 40 rpm, (b) dp = 1 mm, f = 0.37 and ω = 40 rpm, (c) dp = 1 mm,
f = 0.10 and ω = 40 rpm. The first row and second row illustrate particle distribution and
temperature distribution at location L/D, respectively. Blue represents the biomass particle
and red for the sand particle in the first row in each case.
Figure 3.8 (b) shows particle and temperature distributions in the transverse sections when
a smaller particle size is adopted. Similar distribution patterns are observed for both particle
mixing and temperature as in Figure 3.8 (a) where a larger particle size was modeled with DEM.
Figure 3.8 (c) shows particle and temperature distributions at low volumetric fill level
f = 0.10. As shown at L/D=1.25, only a thin layer of biomass particles is fed into the re-
actor and the heat transfer between the biomass particles and the heat carrier particles is
initialized immediately. The particle temperature distribution gets uniform at L/D=3.75 while,
by comparison, a clear temperature gradient is observed at the same axial location in Figure
3.8 (b) at high volumetric fill level (f = 0.37).
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3.4.2 Oscillation pattern of temperature profile
The screws shown in Figure 3.1 rotate at a constant speed and the granular flow in the
reactor achieves periodic steady state statistically. In this study, we divided the screw rotation
period into a series of successive rotation angles with the initial rotation position set to θ = 0◦
as shown in Figure 3.9. Both biomass and sand particle average temperature at a specific
rotation angle was obtained by averaging the realizations sampled at that rotation angle for
ten rotation periods. Readers could refer to our previous research [115] for detailed description
of our sampling method. The average temperature was non-dimensionalized with the initial
temperature of the sand particle and the biomass particle:
〈τθ〉 = 〈T 〉 − Tb,0
Ts,0 − Tb,0 , (3.23)
where, Tb,0 and Ts,0 are initial temperatures of biomass particles and sand particles, separately.
The non-dimensional biomass initial temperature is 0 according to the definition and the biomass
non-dimensional temperature at the thermal equilibrium is approximately 0.88. In the following
part of the section, the temperature is non-dimensionalized with Equation 3.23 unless otherwise
specified.
The biomass particle average temperature at each rotation angle 〈τb,θ〉 is plotted in terms of
axial positions in Figure 3.9. For conciseness, biomass temperature profiles at only three rotation
angles are shown. It is seen that biomass particles have been warmed up by the trough wall
of the reactor before mixing with the heat carrier particles which are fed at x/D = 4.0. Some
biomass particles flow backward to the left end of the reactor where higher temperature values
are observed in the plots near x/D = 0. The oscillation patterns at the three rotation angles are
very similar. The temperature profiles oscillate along the axial direction, which reoccurs every
screw pitch length (P/D = 1.25) and the oscillation amplitude gradually increases along the
axial direction after the sand feeding inlet. This oscillation pattern is called spatial oscillation
in this research. At a fixed axial position, there exists another oscillation which occurs in a
sequence of rotation angles. The oscillation pattern is called temporal oscillation since the
oscillation repeats every rotation period. The result also indicates that the biomass particles
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Figure 3.9: Temperature profile in the axial direction at different rotation angles. Operating
condition: particle diameter dp = 2 mm, volumetric fill level f = 0.37 and screw rotation speed
ω = 40 rpm.
are not heated uniformly in the reactor at this operating condition.
The temperature oscillations at the initial rotation angle were investigated at different oper-
ating conditions as shown in Figure 3.10. The biomass temperature spatial oscillation patterns
at different rotation speeds are similar in terms of oscillation frequency and amplitude when
both particle size and reactor volumetric fill level remain constant as shown in Figure 3.10 (a) -
(c). But the biomass temperature increases at a smaller rotation speed as a result of improved
biomass and sand mixing duration. The sand temperature profile also has a similar oscillation
pattern but the oscillation only starts after the non-dimensional temperature decreases to ap-
proximately 0.9 which corresponds to the wall temperature. Figure 3.10 (c), (e) and (f) illustrate
the effects of volumetric fill level on the biomass temperature profile. Increasing volumetric fill
level leads to a larger oscillation amplitude but the spatial oscillation remains the same oscil-
lation frequency. Changing particle size has different impacts on the temperature profile when
the volumetric fill level varies. At a high volumetric fill level (f = 0.37), the particle size seems
to have little effect on the temperature oscillation pattern as shown in Figure 3.10 (c) and (d).
At a low volumetric fill level (f = 0.10), biomass particles of a smaller size reach thermal equi-
librium with heat carrier particles faster than the biomass particles of a larger size. This could
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be explained by the observations that particle mixing at the low volumetric fill level has little
impact on the heat transfer between the biomass particle and the heat carrier particle, and the
biomass particle of a smaller size is heated up faster due to increased total surface areas.
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Figure 3.10: Temperature profiles in the axial direction at operating condition: (a) screw ro-
tation speed ω = 20 rpm, volumetric fill level f = 0.37 and particle size dp = 2 mm; (b)
ω = 60 rpm, f = 0.37 and dp = 2 mm; (c) ω = 40 rpm, f = 0.37 and dp = 2 mm; (d)
ω = 40 rpm, f = 0.37 and dp = 1 mm; (e) ω = 40 rpm, f = 0.20 and dp = 2 mm; (f)
ω = 40 rpm, f = 0.10 and dp = 2 mm; (g) ω = 40 rpm, f = 0.10 and dp = 1 mm; Red tri-
angle lines and blue diamond lines plot the sand particle temperature and the biomass particle
temperature, separately. Gray dash line in (a) shows the sand feed inlet.
3.4.3 Average temperature profile and probability distribution of temperature
The average temperature of biomass particles was obtained by averaging the realizations
sampled from each rotation angle with an increment of 24o for five rotation periods. The
temperature probability distribution was obtained by adopting the same sampling method.
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The probability density is mathematically calculated by
g(τ) =
n (τ)
N∆τ
(3.24)
where, τ is the non-dimensional temperature, n (τ) is the number of sampled particles within
τ ∈ [τ − ∆τ2 , τ + ∆τ2 ], N is the total number of sampled particles.
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Figure 3.11: Average temperature profiles of biomass particles in the axial direction. (a) f =
0.37 and dp = 2 mm; (b) ω = 40 rpm and dp = 2 mm; (c) ω = 40 rpm and f = 0.37.
The average temperature profiles of the biomass particles are shown in Figure 3.11. Figure
3.11 (a) shows that the average temperature profiles at screw rotation speed ranging between 20-
60 rpm. The average temperature of the biomass particle increases as the screw rotation speed
is reduced. At a smaller rotation speed, the mixing duration between biomass particles and
heat carrier particles is enhanced, which results in an improved average temperature profile.
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The temperature probability distribution of biomass particles at several axial positions are
compared in Figure 3.12 when the screw rotation speed is varied. It is observed that the
temperature variance decreases in the downstream when the screw adopts a rotation speed of
20 rpm. This trend is not observed at increased screw rotation speed. At the downstream
location L/D = 8.75, biomass particles get a narrower temperature distribution at ω = 20 rpm
compared with temperature distributions at ω = 40 rpm and ω = 60 rpm.
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Figure 3.12: Probability distribution of the biomass particle temperature at screw rotation
speed (a) ω = 20 rpm, (b) ω = 40 rpm and (c) ω = 60 rpm. L/D is the axial distant from the
sand feed inlet.
The average temperature profiles of the biomass particle with different volumetric fill levels
are shown in Figure 3.11 (b). The average temperature of the biomass particle increases as
the volumetric fill level decreases. At a smaller volumetric fill level, the biomass particle has
more opportunity to be around sand particles, although the particle mixing does not improve
as shown in our previous research [115]. More detailed and complete analysis on how the
particle mixing affects the heat transfer will be reported in future research. In addition, the
sand particle could regain energy from the reactor wall quickly with a lower volumetric fill level.
The variance of biomass particle temperature distribution decreases as the volumetric fill level
is reduced, which could be observed from Figure 3.13. The double screw reactor has a better
performance in heating up biomass particles at a lower volumetric fill level.
Figure 3.11 (c) shows the biomass average temperature profiles of two particle sizes. Re-
sults indicate smaller particle size is favorable for gaining a faster heating rate. The ratio of
particle surface area to its volume increases as the particle size is decreased and the total heat
transfer area between biomass particles and heat carrier particles increases. When the parti-
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Figure 3.13: Probability distribution of the biomass particle temperature with volumetric fill
level (a) f = 0.10, (b) f = 0.20 and (c) f = 0.37. L/D is the axial distant from the sand feed
inlet.
cle size decreases, the comparison of variances of the temperature in Figure 3.14. shows that
the probability density profile shifts slightly to the right at each location, indicating that the
probability of particles within a higher temperature range increases.
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Figure 3.14: Probability distribution of the biomass particle temperature with particle size (a)
dp = 1.0 mm and (b) dp = 2.0 mm. L/D is the axial distant from the sand feed inlet.
3.4.4 Heating flux
As discussed in Section 3.2.3, the heat is transferred from the sand particles to the biomass
particles by three different heat transfer pathways: particle-particle conduction through con-
tact surface, particle-fluid-particle conduction pathways in both contacting and uncontacting
scenarios, and particle-particle radiation. Three similar pathways were also considered for the
heat transfer from the reactor walls to the enclosed particles. In order to better understand
the dominant heat transfer mechanisms in the biomass and sand granular flow, the contribu-
tion of different heat transfer pathways to the total heat flux received by the biomass particles
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from both the sand particles and reactor walls were analyzed and shown in Figure 3.15. The
total heat transfer flux is a key factor for characterizing biomass heating-up process. The heat
transfer flux can be compared with that in other types of reactor such as bubbling fluidized bed
reactor for performance evaluation.
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Figure 3.15: Contribution of different heat transfer pathways. Operating condition: (a) ω =
40 rpm, f = 0.37 and dp = 2 mm; (b) ω = 60 rpm, f = 0.37 and dp = 2 mm; (c) ω = 40 rpm,
f = 0.10 and dp = 2 mm; (d) ω = 40 rpm, f = 0.37 and dp = 1 mm. pp refers to heat
conduction through particle-particle contact pathway and pfp refers to particle-fluid-particle
heat transfer pathway.
In Figure 3.15, the heat fluxes are plotted in terms of the axial position so that the changes
of the heat flux in the axial position could be observed. The biomass particle feed inlet is located
at x/D = 2.0 and the sand particle feed inlet is located at x/D = 4.0 as shown in Figure 3.9.
It is observed that adding the heat carrier particles to the reactor enhance the heating fluxes
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of biomass particle. For example, in Figure 3.15 (b), heat fluxes by particle-fluid-particle and
radiation at location x/D = 4.0 is approximately twice of the counterpart heat fluxes at location
x/D = 2.0. It is also observed that the heat flux seems to increase as x/D decreases from the
biomass feed inlet as a result of low local volumetric fill level and direct contact of biomass
particles with reactor wall. All heat fluxes from different heat transfer pathways decrease along
axial direction as x/D increases from sand feed inlet. The temperature difference between
the sand particle and biomass particle decreases as illustrated in Figure 3.11 which results in
the reduction of the heat fluxes. It is also observed that improving screw rotation speed and
reducing volumetric fill level could increase the heat flux received by biomass particle. Reducing
particle size decreases the heat flux by each pathway.
The contribution of each heat pathway to the total heat flux indicates little changes within
the reactor. The main contribution comes from the particle-fluid-particle heat transfer pathway
and both contacting and noncontacting scenarios contribute almost equally except at the low
volumetric fill level operating condition. The percentage of particle-fluid-particle heat flux in
the total heating flux is approximately 36% for both contacting and noncontacting scenarios as
shown in Figure 3.15 (a) and (b). The percentage increases to around 40% as the particle size
is decreased, seen in Figure 3.15 (d). At low volumetric fill level, the heat flux by contacting
particle-fluid-particle heat conduction has a larger contribution to the total heat flux than
the heat flux by uncontacting particle-fluid-particle heat conduction. The radiation heat flux
is the second contributor to the heating flux which can not be ignored at the investigated
operating temperatures. The percentage of the radiation heat flux in the total heating flux is
approximately 26% and the percentage decreases to 14% as the particle size decreases from 2
mm to 1 mm. The contribution of the heat flux by heat conduction through particle-particle
contact surface or particle-wall contact surface is relatively small and it only accounts for 1%
in the total heat flux with particle size of 2 mm and increases to 5% with particle size of 1 mm.
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3.4.5 Heat transfer coefficient (HTC)
The average heat transfer coefficient based on the biomass phase is defined as
h = 〈
∑
j
qbs,ij
Ts,j − Tb,i 〉, (3.25)
where, Tb,i and Ts,j are temperatures of biomass particle i and heat carrier particle j,
separately; qbs,ij is heat transfer flux received by biomass particle i from sand particle j; 〈...〉 is
average operator acting on each particle in the sampling.
Figure 3.16 shows the breakdown of heat transfer coefficient at different operating conditions.
The results illustrate that the feeding of heat carrier particles into the reactor enhances all
the heat transfer coefficients including conductive HTC, radiative HTC and total HTC at all
operating conditions. At the heat carrier particle feeding location (x/D ≈ 4.0), the HTCs
increase rapidly, for example, the total HTC increases from 26.3 W/m2K at x/D = 2.0 to
69.4 W/m2K at x/D = 6.0, the conductive HTC increases from 22.7 W/m2K at x/D = 2.0 to
52.3 W/m2K at x/D = 6.0, and the radiative HTC increases from 3.7 W/m2K at x/D = 2.0
to 17.0 W/m2K at x/D = 6.0 when the reactor is operated at rotation speed of 40 RPM and
volumetric fill level of 0.37 with particle diameter of 2 mm for both biomass and sand particles.
All the HTCs remains relatively constant after x/D = 6.0 in most cases, which indicates that
the heat transfer mechanisms do not change after that position.
The variation of screw rotation speed has smaller effects on the HTCs compared to the
effects of volumetric fill level and particle size parameters. Increasing screw rotation speed
leads to a decrease of the total heat transfer coefficient, which is mainly due to the reduction
of radiative HTC at a higher rotation speed. The conductive HTC has little changes with the
variation of screw rotation speed. Decreasing volumetric fill level could enhance all the HTCs
as indicated in Figure 3.16 (b). Reducing particle size in the reactor could also enhance the
conductive HTC but reduces the radiative HTC, which altogether results in an increase in the
total HTC.
Figure 3.17 shows the contributions of particle-particle HTC and particle-wall HTC to the
total HTC in all operating conditions. The results directly show that the heating-up process
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Figure 3.16: Conductive and radiative heat transfer coefficients in the reactor at operating
condition: (a) f = 0.37 and dp = 2 mm; (b) ω = 40 rpm and dp = 2 mm; (c) ω = 40 rpm and
f = 0.37.
of biomass particles is significantly increased by feeding heat carrier particles into the reactor.
We observe a decrease of particle-wall HTC with the feeding of heat carrier particles. The
heat carrier particles have a larger density which tend to sink to the bottom of the reactor
and reduce the contacts/collisions of biomass particles with the bottom surfaces of the reactor,
which could explain the decrease of particle-wall HTC. Both the particle-particle HTC and
the particle-wall HTC remain relatively constant after x/D = 6.0. From Figure 3.17 (a), it
is observed that increasing screw rotation speed results in decrease of both particle-particle
HTC and particle-wall HTC. Reducing particle volumetric fill level could enhance the heating-
up process of biomass particle due to increased HTCs. Particle-particle HTC increases with a
smaller particle size at the same screw rotation speed and volumetric feed level. However, the
particle-wall HTC decreases at a smaller particle size.
3.5 Conclusion
In this research, a particle-scale heat transfer model was developed in which particle-particle
conduction through contact surface, particle-fluid-particle conduction and particle-particle ra-
diation are considered. A particle-wall heat transfer model was also proposed for resolving
particle-wall conductive and radiative heat transfer. The developed thermal DEM model was
validated by comparing predicted ETCs with experimentally measured ETCs in packed beds.
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Figure 3.17: Particle-particle (P-P) and particle-wall (P-W) heat transfer coefficients at oper-
ating condition: (a) f = 0.37 and dp = 2 mm; (b) ω = 40 rpm and dp = 2 mm; (c) ω = 40 rpm
and f = 0.37.
The comparisons validate both the particle-particle conductive and radiative heat transfer mod-
els, and the developed particle-wall heat transfer model. The thermal DEM model was applied
to simulate the heat transfer in binary component granular flows in the double screw reactor.
Both spatial and temporal temperature oscillation patterns are identified in the double screw
reactor. The effects of the operating conditions on average temperature profile, biomass par-
ticle temperature probability distribution, heat flux and heat transfer coefficient are analyzed.
We report that the particle-fluid-particle conductive heat transfer pathways are the dominant
contributors to the total heat flux, which accounts for approximately 70%-80% in the total heat
flux. Radiative heat transfer contributes 14%-26% to the total heat flux and the conductive
heat transfer through contact surface takes only 1%-5% in the total heat flux. The heat transfer
coefficient in the double screw reactor is also reported, which varies in a wide range for different
operating conditions. The particle mixing has a great impact on the heat transfer in the granu-
lar flow. While this paper focuses more on the heat transfer related parameter analysis, a more
in-depth analysis of particle mixing effects on the heat transfer requires further investigation.
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Nomenclature
c contact radius correction coefficient lg gas film thickness, m
cp,i particle specific heat capacity,
J/kg ·K
ls heat penetration depth into particle,
m
d shaft diameter, m mi particle mass, kg
dij distance between particle centers m∗ particle equivalent mass, kg
dp particle diameter, m m˙ mass feeding rate, kg/h
D screw flight diameter, m nˆij unit vector in the normal direction
e coefficient of restitution P screw pitch length, m
Ei Young’s modulus, Pa Qij heat transfer rate between particles,
J/s
E∗ equivalent Young’s modulus, Pa Qpfpij heat transfer rate by particle-fluid-
particle pathway, J/s
f volumetric fill level Qppij heat transfer rate by particle-
particle pathway, J/s
Fij view factor between surfaces Qradij heat transfer rate by radiation path-
way, J/s
F fi drag force acting on particle i, N Ri radius of particle, m
F gi gravitational force acting on particle
i, N
R∗ particle equivalent radius
F cij particle collision force, N rc radius of contact surface, m
F cn,ij normal collision force, N tHertz Hertz contact time, s
F ct,ij tangential collision force, N tˆij tangential unit vector
Gi particle shear modulus, Pa Ti particle temperature, K
G∗ equivalent shear modulus, Pa T r,ij rolling friction torque, N ·m
h heat transfer coefficient, W/m2 ·K T t,ij tangential torque, N ·m
H gap between particles, m vi particle velocity, m/s
Ii particle moment of inertia, kg ·m2 vrel particle relative velocity, m/s
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kf fluid thermal conductivity, W/m ·K vn,rel relative velocity in the normal direc-
tion, m/s
kp,i particle thermal conductivity,
W/m ·K
vt,rel relative velocity in the tangential di-
rection, m/s
kw reactor wall thermal conductivity,
W/m ·K
x axial position in the reactor, m
L screw mixing length, m
Greek symbols
αs solid fraction µr rolling friction coefficient
β damping coefficient ν Poisson’s ratio
δn particle overlap in the normal direc-
tion, m
σ Stephan-Boltzmann constant,
W/m2 ·K4
δt particle overlap in the tangential di-
rection, m
τ non-dimensional temperature
r radiation emissivity ωi particle rotation velocity, rad/s
µ friction coefficient ω screw rotating velocity, rad/s
Subscripts
b biomass particles r radiation or rolling friction
f fluid phase s sand particles or solid phase
n normal direction t tangential direction
p particle θ rotation angle
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CHAPTER 4. A DEM MODELING OF BIOMASS FAST PYROLYSIS
IN A DOUBLE SCREW REACTOR
A paper in preparation for submission
Fenglei Qi and Mark Mba Wright
Abstract
Numerical simulation of biomass fast pyrolysis in a double screw reactor is presented in
this research by adopting an extended discrete element method (DEM). The proposed discrete
element method could resolve particle hydrodynamics, particle scale heat transfer, and particle
mass and composition changes due to reactions occurring in the solid phase. An adaptive time
step was adopted for coupling chemical reactions with particle energy equation, which could
prevent the numerical instability in temperature prediction incurred by the heat of reaction
source term. The biomass pyrolysis kinetics is modeled by a superposition of hemicellulose,
cellulose and lignin. The biomass reactive granular flow in the double screw reactor was modeled
and the solid species devolatilization dynamics was analyzed. It is found that the heat of
pyrolysis significantly affects the biomass devolatilization process in the heat transfer limited
granular flow system. The devolatilization of hemicellulose and cellulose is predicted to start
around 480 K and 600 K, separately, and the predictions are in agreement with experimental
studies. Results indicate that both decreasing particle size and reducing feedstock volumetric
fill level in the reactor are favorable to the biomass pyrolysis process.
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4.1 Introduction
Biomass is an abundant renewable resource that are being directly used for thousands of
years to provide heat and energy in rural areas. More efficient thermochemical ways of utilizing
biomass such as gasification, liquefaction and fast pyrolysis are revisited in recent studies with
different operation conditions and production targets [2, 116, 117]. Biomass fast pyrolysis is
achieved at reaction temperature of around 500 ◦C in the absence of oxygen at the atmospheric
pressure. Three products including bio-oil (tar), char and non-condensable gas are generated in
the process and their mass-based percentage are around 65%, 15% and 20%, respectively. The
yield of bio-oil, char and non-condensable gas is usually subject to changes of feedstock type,
reactor temperature as well as heat and mass transport process in the reactor, etc. Usually
high heating rate ( > 100 ◦C/s) favors the production of bio-oil and short vapor residence time
prevents the cracking of tar into light gas and char. However, reactor-scale evaluation of heat
and mass transfer effects on the fast pyrolysis is very limited.
Different reactor configurations have been studied for thermochemical conversion of biomass.
Circulating fluidized beds (CFB), bubbling fluidized beds and screw reactors are among the
commonly used reactors in previous research [117, 118, 119]. In an auger reactor, mechanical
forces are provided to the bed to enhance particle mixing and simultaneously achieve particulate
matter transport for continuous operation. Heat carrier particles could be fed into the reactor
to provide heat source for biomass particles. Some experimental studies have shown that auger
reactor systems have similar bio-oil yield performance compared with bubbling fluidized bed
reactor systems [5, 12]. The pyrolysis process in an auger reactor configuration is a reactive
granular flow system which involves particle flow, heat transfer and biomass devolatilization
reactions at the same time. A good understanding of the underlying physical phenomena and
the interplay between the physical transport phenomena and chemical reactions is essential for
reactor design and optimization. While there are still a lot of challenges in experimentally
measuring flow information in granular flows, the installment of internal structures in the auger
reactor makes it even harder to probe local granular flow information. Numerical simulation,
as an alternative way, is capable of predicting granular flow and heat transfer behaviors in the
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reactor and providing useful information of particle flow such as particle residence time, particle
mixing degree, and heat transfer coefficient [115].
A lot of efforts have seen in developing single particle models (SPMs) for biomass fast
pyrolysis. The single particle model usually considers intraparticle heat and mass transport
phenomena together with biomass pyrolysis devolatilization reactions. The reactor parameters
such as heat transfer coefficients are input into the single particle model as boundary conditions.
Di Blasi [120], Miller and Bellan [121], and Gronli and Melaaen [122] are among the first to
report 1-D single particle model for modeling intra-particle transport phenomena. Gronli and
Melaaen [122], Park et al. [123], and Paulsen et al. [124] compared single particle model results
to the experimental measurements and showed the capacity of the single particle model in
correctly predicting biomass thermochemical decomposition process. Blondeau and Jeanmart
[23] considered the anisotropic properties of biomass particles and a 2-D particle model was
developed in their work. Haseli et al. [125] reconsidered the energy equation and showed
that the heat of reaction is dependent on the reaction temperature. One of the merits of the
single particle model is that the particle thermally thick phenomena could be properly modeled
[126, 127]. However, the reactor-scale transport phenomena are not fully considered.
Detailed CFD simulation of biomass thermochemical conversion allows for the consideration
of reactor-scale transport phenomena. Euler-Euler and Euler-Lagrangian approaches are the
most advanced and popular methods for modeling reactive dense particle systems as reviewed
in [55, 54]. Euler-Euler approaches were developed in [128, 129, 130, 131, 132, 133] for biomass
gasification and fast pyrolysis modeling in bubbling fluidized beds. In this approach, both
gaseous and solid phases are considered as continua. Lathouwers and Bellan [128] proposed a
comprehensive approach for modeling biomass pyrolysis in a fluidized bed reactor. They adopted
multiple solid phases to consider differentiation in either physical properties or thermochemical
behavior of various particle types, e.g. fuel versus inert particles. Separate transportation
equations are developed for each particle phase which enables the independent acceleration of
the particles in each phase, and non-equilibrium processes accounting for momentum and energy
exchange between solid phases and between solid and the carrier gas. Results indicate that the
temperature is the key factor affecting the tar yield during biomass pyrolysis in the fluidized bed
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reactor. Gerber et al. [129] presented a Eulerian modeling approach of wood gasification in a
bubbling fluidized bed reactor. The dispersed solid phase is modeled as three continuous phase
including one wood phase and two char phases with different sizes. They reported that both
operating conditions (initial bed height and wood feeding rate) and model parameters (thermal
boundary conditions, primary pyrolysis kinetics and secondary reactions) have a nontrivial
influence on the production gas components. They also pointed out that modeling of solid
phase with only one wood particle size and two char particle sizes is very limited and multiple
solid phases with mass transfer between solid phases could allow for modeling particle shrinkage.
Xue et al. [130, 134] and Sharma et al. [133] modeled biomass fast pyrolysis in the same 2-
D fluidized bed reactor system with MFIX software from the National Energy Technology
Laboratory (NETL) and ANSYS FLUENT version 14, separately. But they adopted different
biomass pyrolysis kinetics in their simulations. In addition, Sharma et al. [133] only run the
simulation of the system for 60-65 seconds and Xue et al. [130, 134] allowed the simulation of
the system for 200 seconds to reach statistically steady state. Comparing to the experimental
results provided in [134], both simulations could predict reasonable tar yields considering the
limitation of biomass fast pyrolysis kinetics in current research and notable prediction variations
from different kinetics. Eulerian-Eulerian approach is one affordable modeling approach which
could perform simulation at a pilot or industrial scale but this method becomes challenging
when a description of particle size distribution or particle type distribution is necessary [55].
Description of particle phase by Discrete Element Method (DEM) could naturally overcome
the difficulties met in the Euler-Euler approach since the property of each single particle is con-
sidered separately and the average concept is avoided in this approach. Representative research
could be found in [135, 90, 136, 137, 138, 139]. Zhou et al. [135] developed a DEM-LES ap-
proach for modeling coal combustion in a 2-D bubbling bed reactor system. In their simulation
system, 1460 sand particles and 20 reactive coal particles were modeled. The colliding parti-
cle–particle heat transfer is modeled according to the heat conduction analysis for impinging
particle by Sun and Chen [52] and particle-fluid convective heat transfer was modeled with the
correlation from Ranz [140]. The heating process of the coal particles was tracked within 2
seconds and results show that the heating rate is reduced as particle size increases. Gerber and
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Oevermann [136] applied a 2-D Euler-Lagrangian approach in modeling gasification in a flu-
idized bed. In their approach, the void fraction in 2-D was corrected to predict the void fraction
in a real 3-D bed. Particle shrinkage due to drying and reaction was also considered in their
approach. In the simulation, around 12000 charcoal particles and 21 biomass particles (with
diameter of 4 mm) were considered within 100 seconds real simulation time. The differences
between simulation predictions and experimental measurements were observed and one of the
reasons is that the heat transfer by radiation and particle-particle heat conduction were not
modeled. In addition, satisfactory reaction sub-models such as biomass pyrolysis and tar crack-
ing kinetics are not available for predictive simulations. Ku et al. [139] presented a quasi-3D
Euler-Lagrangian modeling of biomass gasification in a fluidized bed reactor. The dimension
of the bed is 0.23 m (Width) × 1.5 m (Height) × 0.0015 m (Depth) which contains around
40,000 sand particles inside. Radiation for both solid phase and gas phase was considered but
it is not clear what factors were considered in the radiation model for solid particles. A simple
one-reaction lumped pyrolysis kinetics was employed in this research and the thermal proper-
ties of both biomass and sand particles remained constant in the simulation. Results indicate
that the biomass feeding position has a great impact on the biomass conversion in the reactor.
However, no validation was provided for predictions of internal field such as temperature field
and gas composition field. Bruchmuller [137] presented 3-D modeling of biomass fast pyrolysis
in a pilot fluidized bed reactor with CFD-DEM method. The modeled system is very similar
to the studied system in [134]. In their simulation, around 0.8 million particles were consid-
ered and totally around 400, 000 CPU hours were required for 5 seconds real time simulation.
Both convective heat transfer between particle and gas phase, and radiation exchange between
particle and particle were considered in the particle energy equation. The variation of particle
properties in terms of temperature and conversion process was also modeled. Multicomponent
competitive kinetics from [121] was employed in their research. The kinetic model is based on
a superposition of kinetics of the primary components of biomass: cellulose, hemicellulose, and
lignin. Prediction results shows a good agreement with experimental measurements in terms
of product yields at various operation conditions. However, validation of internal fields such
as temperature, gaseous species concentrations was not provided. In addition, the simulated
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system did not achieve steady sate within 5 second real simulation time and longer simulation
time is required to look into steady state physicochemical behaviors of the system. In order to
exclude heat and mass transport limits, smaller biomass particles (v 500 µm) are usually em-
ployed in fast pyrolysis kinetic studies to locate biomass fast pyrolysis in the kinetic-controlled
regime [134, 61, 56]. For thermally thick particles, the CFD-DEM model allows for coupling
SPM with CFD models in order to resolve both reaction scale and intra-particle heat and mass
transport phenomena [141, 142, 143] and overcome the heat transfer overestimation problems
[136]. In terms of DEM modeling of reactive solid particles, a generalized model is required in
future research, which could include advanced heat transfer models, effective consideration of
particle property variations with temperature or conversion, and good scalability in terms of
system size, etc.
In this research, we proposed an extended DEM method for modeling reactive granular flows
in a double screw reactor. A semi-detailed biomass devolatilization kinetics is adopted in the
simulation and the decomposition dynamics of the major biomass components and pyrolysis
products are analyzed at different operating conditions. The following chapter will present the
developed DEM method in the next section, then discuss the results we obtained from the DEM
simulation in the Results and Discussion section. Conclusions are given at the last part of this
chapter showing the main findings in this research.
4.2 Model description
4.2.1 Double screw reactor
The modeled double screw reactor was designed by Brown [61] and the geometry is shown
in Figure 4.1. Two screws are installed in the trough. The left screw flight is left-handed
and the right screw flight is right-handed. As show in the Figure 4.1 (a), when the left screw
is rotating in the clockwise direction and the right screw is rotating in the counter-clockwise
direction, the bulk material is pushed forwards from the inlet side to the outlet side along the
axial direction. At the cross section, the materials are pumped downwards at the center of
the reactor. This material flow pattern in the double screw reactor is often called “Counter-
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Rotating Down Pumping” [62]. The screw rotation speed varied from 20 RPM to 60 RPM in
the operation of reactor [61].
There are two inlets which separately feed biomass particles (red oak) at the inlet 1 and
heat carrier particles (sand) at inlet 2 into the reactor as shown in Figure 4.1 (a). The biomass
particle has a particle size range of 300-710 µm in the experiments and is fed into the system
at the ambient temperature. The sand particle either has a particle range of 250-600 µm (fine
sand) or 600-1000 µm (coarse sand) in the experiments and is fed into the system at high
temperature depending on the reaction temperature requirement.
Mixing Length L
Inlet 1 Inlet 2
S
H
W
Trough wall Screw Shaft
(a)
P
D d
(b)
Figure 4.1: Geometry of the double screw reactor. Biomass particles are fed into the reactor at
inlet 1 and sand particles are fed into the reactor at inlet 2. Reactor dimensions include mixing
length L, width W , height H, shaft center distance S, screw flight diameter D, screw pitch P
and shaft diameter d. Screws rotate in the opposite directions pumping down the particle at
the center of the reactor (Counter-Rotating Down Pumping). The ratio of the mixing length L
to the screw flight diameter D is 10 in this study. The ratio of the screw pitch P to the screw
flight diameter D remains 1.25.
4.2.2 Discrete element method (DEM)
The discrete element method (DEM) is a numerical technique that resolves each individual
particle motion in a particulate system that contains a collection of particles. Heat transfer
and chemical reactions can also be resolved at the particle scale to extend the capability of
the DEM for modeling reactive particle systems. With regard to particle dynamics, the DEM
model in this work is based on the so-called soft sphere approach that has been implemented
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in LIGGGHTS [84]. In this approach, the particles are allowed to overlap at collision and the
contact forces are subsequently calculated from the local deformation history at the contact
point using various force-displacement laws such as the linear spring-dashpot model and the
Hertz-Mindlin nonlinear model [37]. In this research, the Hertz-Mindlin model in LIGGGTHS
was employed which is based on the original approach proposed in [110, 111]. The translational
and rotational motion are resolved by numerically integrating Newton’s and Euler’s equations
for a spherical shape particle, written as
mi
dvi
dt
=
∑
j
F cij + F
f
i + F
g
i , (4.1)
Ii
dwi
dt
=
∑
j
(T t,ij + T r,ij) , (4.2)
where, mi and Ii (=2/5miR2i ) are mass of particle i and moment of inertia of the particle,
respectively. vi and wi are translational and rotational velocities of the particle. The forces in
Equation (4.1) include the contact force F cij between particle i and surrounding particle j that
collides with particle i, drag force acting on particle i by a fluid F fi , and the gravitational force
F gi . The torques acting on particle i includes both T t,ij and T r,ij . Torque T t,ij is generated
by the tangential force F ct,ij which is the component of the contact force F
c
ij with direction
parallel to the contacting surface between particle i and j. Torque T r,ij , called rolling friction
torque, is generated by the asymmetric distribution of the normal contact force F cn,ij , the other
component of F cij with direction perpendicular to the contact surface. In this research, the drag
force is ignored in the bed of the screw reactor since the major forces arise from mechanical
torques by the shaft. The mechanical forces are transferred by particle-particle contact/collision
and particle-wall contact/collision in the bed. The equations for calculating forces and torques
acting on particle i are summarized in Table 4.1.
Biomass particle mass is composed of original biomass components such as cellulose, hemi-
cellulose, lignin and moisture, product char and potential intermediate solid components. The
produced non-condensable gas and tar vapor emit for the particle surface immediately and
causes the reduction of particle mass. In the pyrolysis of a biomass particle, the conversion
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Table 4.1: Models for calculating contact forces and torques in
DEM.
Force or torque Equation
Normal force
F cn,ij
−43E∗
√
R∗δ3/2n nˆij +√
20
3 β
(
m∗E∗
√
R∗δn
)1/2
vn,rel
Tangential force
F ct,ij
−8G∗√R∗δnδttˆij +√
20
3 β
(
4m∗G∗
√
R∗δn
)1/2
vt,rel
Torque T t,ij Ri × F ct,ij
Torque T r,ij −43µrE∗R∗
√
R∗δ3/2n ωrel/|ωrel|
where, 1m∗ =
1
mi
+ 1mj ,
1
R∗ =
1
Ri
+ 1Rj ,
1
E∗ =
(1−ν2i )
Ei
+
(1−ν2j )
Ej
1
G∗ =
2(2−νi)(1+νi)
Gi
+
2(2−νj)(1+νj)
Gj
, β = ln(e)/
√
ln2(e) + pi2
nˆij = (xj − xi)/|xj − xi|, vrel = vi − vj + ωi ×Ri − ωj ×Rj ,
ωrel = ωi − ωj , vn,rel = (vij · nˆij)nˆij , vt,rel = (vij × nˆij)× nˆij ,
Ri = Rinˆij
The tangential overlap δt is truncated to fulfill |F ct,ij | ≤ µ|F cn,ij |.
process progresses gradually into the biomass core from outside. However, in the current DEM
simulation, the mass loss of the biomass particle is considered uniform across the particle. The
mass change rate of particle i is formulated as
dmi
dt
=
dmpwater
dt
− r˙gas − r˙tar, (4.3)
where, r˙gas and r˙tar are the production rates for non-condensable gas and tar arising from the
biomass pyrolysis.
4.2.3 Energy equation
The DEM simulation focuses on pyrolysis behaviors of biomass particle assembly in the auger
reactor and looks into the particle mixing and heat transfer effects on the pyrolysis process. For
computational cost consideration, the intraparticle transport phenomena are not resolved for
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each single particle and the particle is considered as isothermal. The energy equation for particle
i is written as
micp,i
dTi
dt
=
∑
j
Qcondij +
∑
j
Qradij +Q
conv
fi −
∑
r
∆Hrw˙r, (4.4)
where, cp,i is the summation of mass-weighted specific heat capacity of the solid species,
Qcondij and Q
rad
ij are conductive and radiative heat transfer between particle i and j, respectively.
∆Hr and w˙r are heat of reaction and reaction rate of reaction r. The fluid movement relative to
the particles is ignored in the screw-driven moving bed and the convective heat transfer Qconvfi
between fluid and particle i is not included in this research.
4.2.3.1 Conductive heat transfer
Three conductive heat transfer pathways are included to account for particle-particle and
particle-wall conductive heat transfer in the granular flow. For the heat conduction due to
particle-particle contact, the heat transfer is formulated as
Qppi,j =
4crc(Tj − Ti)
1
kp,i
+ 1kp,j
, (4.5)
where, Qppi,j is conductive heat transfer rate through particle-particle contact surface, kp,i and
kp,j are thermal conductivities of particle i and j, rc is the radius at the particle-particle
contact surface. This model was originally proposed by Batchelor and O’Brien [101]. In order
to correct the overestimation of contact radius by adopting smaller Young’s modulus in the
DEM simulations, a coefficient proposed in [98] is given as
c =
(
E∗
E∗0
)1/5
, (4.6)
where, E∗0 is the original equivalent Young’s modulus of the materials.
Heat conduction through interstitial fluid between two close particles plays an important role
when kp/kf < 1000 with kf being fluid conductivity. Cheng et al. [44] proposed a simplified
double cone model to calculate particle-fluid-particle conductive heat transfer for both two
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Figure 4.2: Illustration of conductive heat transfer pathways between two particles. (a) particles
in contact. (b) particles not in contact.
contacting particles and non-contacting particles as illustrated in Figure 4.2. The heat transfer
rate is formulated as
Qpfpij = (Tj − Ti)
∫ rsf
rsij
2pirdr(√
R2 − r2 − r(R+H)/rij
)
· (1/kpi + 1/kpj) + 2[(R+H)−
√
(R2 − r2)]/kf
.
(4.7)
In the equation, H is the gap distance between particle i and j, which is calculated from
H =
dij − 2R
2
, (4.8)
where, dij is the distance between the center of particle i and j. The upper integral limit in
Equation (4.7) is defined as
rsf =
R · rij√
r2ij + (R+H)
2
, (4.9)
where, rij is a parameter related to bed structure and calculated as
rij = 0.560R (1− αs,i)−
1
3 . (4.10)
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In the equation, αs is local solid fraction. The lower integral limit in Equation (4.7) is 0 for two
non-contacting particles and contact surface radius rc for two contacting particles. The heat
flux between two particles is ignored for H/R > 0.5.
4.2.3.2 Radiative heat transfer
Radiative heat transfer in granular flows at high temperature is an important heat transfer
pathway. Cheng and Yu [53] proposed that the radiative heat transfer between two particles
could adopt the same double cone model concept illustrated in Figure 4.2. The imaginary sur-
face ACBB′C ′A′ formed by the double cones is assumed as a reradiating surface with zero net
radiation transfer. The sphere surface is opaque and gray emitting. With the above assump-
tions, the radiation heat rate is formulated as
Qradij =
σ(T 4j − T 4i )
1−r,i
r,iAi
+ 1
AiFij+[1/(AiFiR)+1/(AjFjR)]−1
+
1−r,j
r,jAj
(4.11)
where, σ is the Stephan-Boltzmann constant 5.6696× 10−8W/(m2 ·K4). r,i and r,j are emis-
sivities of particle i and j. Ai and Aj are areas of spherical caps AA′ and BB′ defined by the
double cone boundary model. Fij is the view factor between the two spherical caps. FiR is the
view factor between spherical cap AA′ of particle i and the double cone surface ACBB′C ′A′,
and FjR is the view factor between spherical cap BB′ of particle j and the double cone surface
ACBB′C ′A′.
In our research, we developed correlations for view factors in terms of dij/R and bed struc-
ture parameters by using MONT3D software [112]. The view factor correlation for two non-
contacting particles of equal sizes at very loose packing (solid fraction  = 0.56) is formulated
as
Fij = 0.06233
(
dij
R
)7.051( 1
r˜2ij + 0.25 (dij/R)
2
)7.364
, (4.12)
where, r˜ij is written as
r˜ij = rij/R = 0.56 (1− αs,i)−
1
3 , (4.13)
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and the correlation for two contacting particles of equal sizes is correlated in terms of dij/R as
Fij = 0.4225
dij
R
− 0.3371. (4.14)
4.2.3.3 Particle-wall heat transfer
When a particle is close to an infinite plane wall, heat conduction through stagnant gas
film between the particle and the wall occurs. Particle-fluid-wall conductive heat transfer is
formulated as
Qpfwiw = (Tj − Tw)
∫ rsf
rsiw
2pirdr(√
R2 − r2 − r(R+H)/rij
)
· (1/kpi + 1/kw) + [(R+H)−
√
(R2 − r2)]/kf
,
(4.15)
where, H is the gap between sphere surface and the wall surface, kw is thermal conductiv-
ity of the wall. Equation (4.5) and (4.11) are employed to compute particle-wall conduction
through contact surface and particle-wall radiation, separately, with wall properties substituted
for particle j in the equations.
Triangle meshes are employed to represent surfaces of the double screw reactor structures.
The heat transfer between particles and reactor walls is modeled in terms of the heat transfer
between particles and triangle meshes. To simplify the computation, an equivalent circular
surface is employed in the particle-fluid-wall conductive and particle-wall radiative heat transfer
calculations. The equivalent circular surface has the same area as the substituted triangle mesh.
Detailed information could refer to Chapter 3.
4.2.4 Solid species equation
Biomass is originally composed of three main solid components: hemicellulose, cellulose
and lignin. In the pyrolysis process, solid, liquid and gas species are involved. Solid species
include biomass original components, intermediate solid species and solid products. Liquid
species mainly include the different forms of water [144] in the biomass matrix. Gaseous species
includes products such as water vapor, non-condensable gases and tar vapor. In this research,
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we did not consider intra-particle mass transfer, so the produced gaseous species emit from the
particle immediately. In addition, we focus on the thermochemical decomposition dynamics
of the solid components in the reactor, the secondary reactions in the gaseous phase and the
heterogeneous reactions between gas phase and solid phase are not involved in current research.
For solid species, the mass balance is written as
∂mpsi
∂t
= r˙si i = 1, . . . , ns, (4.16)
where, mpsi is the mass of solid species i, r˙si is the production rate of the solid species. For
liquid phase, a similar mass balance is written as
∂mpli
∂t
= r˙li i = 1, . . . , nl, (4.17)
where, mli is the mass of liquid species i, r˙li is the production rate of liquid species i . For
vapor species, the accumulating mass is calculated as
∂mpvi
∂t
= r˙vi i = 1, . . . , nv, (4.18)
and mvi is the accumulated mass of gaseous species i emitted from a particle, r˙vi is the produc-
tion rate of gaseous species.
4.2.5 Pyrolysis kinetics
Adopting mechanistic kinetics could provide detailed reaction information of the biomass
devolatilization process but requires extensive computational time. In the consideration of both
reaction details and computational time, a multiple-component reaction scheme is adopted in
this research. The multiple-component kinetics was proposed by Miller and Bellan [121] and
this reaction kinetics assumes the devolatilization processes of the hemicellulose, cellulose and
lignin are independent and the pyrolysis of biomass is modeled via a superposition of cellulose,
hemicellulose and lignin kinetics. The three primary components are modeled with multi-step
kinetics as shown in Figure 4.3 (a). In recent research, a new multiple-component kinetic scheme
was proposed by Calonaci et al. [145]. Similar to the Miller’s kinetics, the biomass pyrolysis
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is modeled via a superposition of hemicellulose, cellulose and lignin but provides more details
about the product species. The reaction pathway is illustrated in Figure 4.3 (b) and the reaction
parameters are available in APPENDIX PYROLYSIS KINETICS. In this research, we focus
on the biomass primary devolatilization, the secondary reactions occurring in the gas phase are
not modeled.
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Figure 4.3: Illustration of biomass devolatilization schemes. (a) Miller’s kinetic scheme [121].
(b) Ranzi’s kinetic scheme [145].
All the reactions in both kinetics are first order. The reaction rate of reaction r is written
as
w˙r = Ar exp
(
− Er
RTp
)
mpr , (4.19)
where, Ar, Er and R are frequency factor, activate energy and gas constant for reaction r,
mp,r is the mass of reactant in the particle. The production rate of each species is written in
terms of reaction rate w˙r accordingly.
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4.2.6 Particle properties
In the biomass pyrolysis process, biomass properties such as particle porosity and thermal
conductivity are functions of biomass conversion process, temperature and particle size. The
particle size shrinkage can be observed in a lot of biomass material pyrolysis. In this research,
the adopted particle size is relatively small from 1 mm to 2 mm and the shrinkage model is
not included. Properties such as Young’s modulus and Poisson’s ratio are expected to change
with the particle structure and composition but both parameters remain constant in the current
DEM simulation as shown in Table 4.2. Biomass conversion is formulated as
X = 1− mb
mb,0
, (4.20)
where, mb,0 is the initial biomass mass. The biomass particle thermal conductivity is written
as
kp,b = (1−X) kb +Xkchar. (4.21)
In the equation, kb and kchar refer to the biomass and char (solid product) conductivities,
respectively. The conductivities for biomass and char remained 0.2 and 0.1 W/(mK). The
specific heat capacity for biomass components, product char are [125]:
cp,b = 1500 + Tp, (4.22)
cp,char = 420 + 2.09Tp + 6.85× 10−4T 2b . (4.23)
The other parameter values are listed in Table 4.2.
4.2.7 Solution method
The implementation of the extended DEM is based on LIGGGHTS software [84]. A fixed
time step of 2.5×10−6 s for updating particle position and temperature is adopted which could
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Table 4.2: Biomass and sand properties in DEM
Material∗ Red oak (dry) Sand Steel
Material mechanical properties
Initial Density ρ (kg/m3) 500 2680 -
Diameter dp (mm) 1 mm, 2 mm 1 mm, 2 mm -
Young’s Modulus E (Pa) 6.0× 106 6.0× 106 6.0× 106
Original Young’s Modulus Eo
(Pa)
1.2× 1010 7.0× 1010 2.0× 1011
Poisson’s ratio ν 0.29 0.25 0.3
Coefficient of restitution e † 0.4 0.65 0.65
Coefficient of friction µ 0.2
Coefficient of rolling friction µr 1× 10−4
Material thermal properties
Initial Temperature T0 (K) 300 848, 948 788
Conductivity k
(
W
m·K
) ‡ 0.2 1.3 38
Specific heat capacity cp
(
W
kg·K
)
1500 + Tp 730 490
Emissivity r 0.9 0.8 0.8
∗ Red oak is the material for biomass particles and sand for heat carrier particles. Steel is used
for reactor structures.
† This row shows the coefficient of restitution between the same material. The coefficient between
red oak and sand is 0.4. The coefficient between red oak and steel is 0.4. The coefficient between
sand and steel is 0.65.
‡ The fluid thermal conductivity is 0.039 W/m · K.
guarantee the time step is less than 20% of critical time step determined from the Rayleigh
wave speed of force transmission in the bed [146]. The critical time is formulated as
∆t =
piR
0.8766 + 0.1631ν
√
ρ
G
. (4.24)
The Verlet integration method is adopted for integrating particle motion equations. The runge-
kutta-dopri5 ODE solver in the odeint code [147] is incorporated in the algorithm to integrate
the reaction ODEs. The time step for ODE integration is adaptive as shown in Figure 4.4.
Reaction integration time step is reduced when the temperature change due to the heat of
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Figure 4.4: Adaptive time step for reaction model in the DEM method.
reaction source in one DEM time step (see Equation 4.4 ) exceeds a set point. In this case, a
stability issue in the temperature prediction was observed if the energy equation is not coupled
in a reduced time step with the reaction integration. The proposed adaptive time step method
could prevent the stability issue and the computational burden of adopting a smaller fixed time
step for all the particles in the whole simulation time.
4.3 Results and discussion
The biomass particle pyrolysis process is affected by particle properties such as particle size
and moisture content, and operating conditions such as heating rate and volumetric fill level.
In this research, the biomass particle pyrolysis process is examined at various particle sizes.
The volumetric fill level was varied and the effects on the biomass fast pyrolysis process are
evaluated in this section.
4.3.1 Biomass particle temperature and mass loss
The biomass fast pyrolysis process is first evaluated with and without the heat of pyrolysis.
Figure 4.5 shows the temperature and mass loss profiles of biomass particles of size dp = 2 mm
in the axial direction with and without the heat of pyrolysis. It is observed that both tempera-
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ture and mass residue profiles are similar with and without the heat source from fast pyrolysis
reactions before x/D = 6. According to previous research [148], hemicellulose starts to decom-
pose at approximate 493 K, cellulose decomposition starts at 588 K, and lignin decomposition
starts at 433 K but spans a wide temperature range. In addition, the pyrolysis of cellulose
is endothermic while that of hemicellulose and lignin are exothermic. The devolatilization of
cellulose under 600 K is not significant and the heat of fast pyrolysis has limited impact on the
fast pyrolysis process at this stage. When the heat of fast pyrolysis is included in the DEM
model, the biomass temperature profile slope decreases after x/D = 6 due to the initialization
of cellulose decomposition and the fast pyrolysis process is significantly slowed down. The result
indicates that the fast pyrolysis process in the screw reactor is heat transfer limited process.
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Figure 4.5: Predictions of biomass fast pyrolysis process in the reactor without heat of reaction
(a) and with heat of reaction (b). Operating condition: particle size dp = 2 mm, volumetric fill
level f = 0.1, moisture content 10%.
To evaluate the limitation factor in the biomass pyrolysis, Py number is defined as
Py =
τreaction
τheat
=
h
ρCplckp
, (4.25)
where, τreaction refers to reaction time scale and τheat is external heat transfer time scale; h is
external heat transfer coefficient, lc is characteristic length of the particle. By adopting the
heat transfer coefficient obtained in Chapter 3, the Py number is estimated to be around 0.15
at operating condition in Figure 4.5 (b). The Py number indicates that the time scale for heat
transfer is much longer than the reaction time scale and the biomass fast pyrolysis process in
the reactor is heat transfer limited process.
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The biomass pyrolysis process at two different volumetric fill levels is shown in Figure 4.6.
The result indicates that the biomass temperature slope decreases at higher volumetric fill level
even with an increment of sand particle initial temperature. As a result, the biomass pyrolysis is
slowed down at increased volumetric fill level. One common feature in both volumetric fill levels
is that the temperature slope decreases after temperature reaches 600 K. At that temperature
point, the endothermic devolatilization reactions become significant and slow down the biomass
temperature increase.
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Figure 4.6: Predictions of biomass pyrolysis process at volumetric fill level (a) f = 0.1 and (b)
f = 0.37. Operating condition: particle size dp = 2 mm, moisture content 10%. Initial sand
particle temperature is 848 K in (a) and 948 K in (b).
The biomass fast pyrolysis of different particle sizes are shown in Figure 4.7. The comparison
indicates that decreasing particle size could improve both biomass heating rate and fast pyrolysis
process. Adopting smaller particle size is favorable to reducing reactor length.
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Figure 4.7: Predictions of biomass pyrolysis process with particle size: (a) dp = 1 mm and (b)
dp = 1 mm. Operating condition: volumetric fill level f = 0.1 and moisture content 10%.
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4.3.2 Devolatilization dynamics of biomass components
Figure 4.8 shows the averaged mass loss rate of biomass major components: moisture,
hemicellulose, cellulose and lignin. The hemicellulose mass is composed of origin hemicellulose
and activated hemicellulose, the cellulose mass is the summation of origin cellulose and activated
cellulose, and the lignin mass is composed of three original lignin forms (LIG-O, LIG-H, LIGC
in Appendix A), carbon-rich lignin (LIGCC), OH-rich lignin (LIGOH) and lignin (LIG).
It is observed that the moisture starts to evaporate at biomass feed inlet (x/D = 2.0) and
shows a peak before reaching to the sand feed inlet (x/D = 4.0) when pyrolyzing biomass
particle with size of 1 mm. For biomass particle with size of 2 mm, the moisture evaporation
reaches to the peak at sand particle feed inlet at both high and low volumetric fill levels. But
the duration of moisture evaporation at higher volumetric fill level (f = 0.37) increases. Both
hemicellulose and lignin decomposition start around 480 K and cellulose starts to decompose
around 600 K as clearly seen in Figure 4.8 (b). This prediction is consistent with experimental
observations in [148]. The hemicellulose decomposition reaches its peak at around 600 K and
cellulose reaches to its peak around 650 K, as shown in Figure 4.8 (a) and (b). This prediction
also has a good agreement with previous research [148]. While the moisture evaporation is well
separated from biomass decomposition in Figure 4.8 (b), the two processes have overlaps in
both Figure 4.8 (a) and (c). A smaller particle size is adopted in Figure 4.8 (a) and a faster
heating rate is observed, which causes the overlap of moisture evaporation and biomass solid
species decomposition. The non-ideal particle mixing and particle mixing oscillation (seen in
Chapter 2) at higher volumetric fill level causes the inhomogeneous heating process of biomass
particles in Figure 4.8 (c). The overlap of the moisture evaporation and biomass solid species
decomposition arises due to the variation of heating processes for each particle. This is also
why the initial decomposition temperature for cellulose seems to be lower in Figure 4.8 (c).
The decomposition of all three components has a wide temperature range due to heat transfer
and reaction time limitations. The result also indicates a higher mass loss rate with a smaller
particle size by comparing Figure 4.8 (a) and (b), and decreasing volumetric fill level is favorable
to the biomass pyrolysis.
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Figure 4.8: Non-dimensional mass loss rate of biomass major components. Operating condition:
(a) particle size dp = 1 mm, volumetric fill level f = 0.1; (b) dp = 2 mm, f = 0.1; (c) dp = 2 mm,
f = 0.37. Moisture content is 10% in (a), (b) and (c).
4.3.3 Product yield
Tar (bio-oil), biochar and non-condensable gas are three main products from biomass pyroly-
sis process. Figure 4.9 shows the accumulated mass percentage of vapor and non-condensable gas
releasing from biomass particles, and char production mass percentage during pyrolysis process.
In Figure 4.9 (a) and (b), the biomass is not completely decomposed with the current reactor
design and operating conditions. When particle size of dp =1 mm is adopted, 81.7% of original
biomass is decomposed with accumulated tar vapor mass percentage of 43.84%, accumulated
non-condensable gas mass percentage of 11.44%, accumulated water vapor mass percentage of
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12.58%, and char mass percentage of 13.84%. The yield ratio of tar, non-condensable gas and
char is 0.6343:0.1655:0.2001. In the experimental study carried out by Brown and Brown [5],
dry biomass (moisture 3.86 ± 1.11%) was adopted as feedstock in the study of biomass fast
pyrolysis in the double screw reactor. In the operation condition of rotation speed 45 RPM
and heat carrier initial temperature of 575 ◦C, the yield ratio of tar, non-condensable gas and
char is approximately 0.70:0.125:0.175. The yield predictions are in reasonable agreement with
experimental results considering the limitations of current model and biomass pyrolysis kinetics
available in the literatures.
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Figure 4.9: Prediction of product mass percentage in the reactor with particle size of (a) dp =
1 mm and (b) dp = 2 mm, separately. Symbols in the figure: O: biomass, ♦: tar, +: water
vapor, : char, and ◦: non-condensable gas. Other operating conditions: volumetric fill level
f = 0.1, biomass moisture content 10%.
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4.4 Conclusions
In this research, an extended DEM model is proposed for simulating biomass fast pyrolysis
reactive granular flows. The proposed DEM could resolve particle hydrodynamics, particle
scale heat transfer, and particle mass and composition changes due to reactions occurring in
the solid phase. An adaptive time step was adopted for integrating reaction ODEs and coupling
with particle energy equation, which could prevent the numerical instability in temperature
prediction incurred by the heat of reaction source term. The biomass pyrolysis kinetics is
modeled by a superposition of hemicellulose, cellulose and lignin in current research.
The proposed method was applied to simulating biomass fast pyrolysis process in a double
screw reactor. It is concluded that the heat of pyrolysis needs to be considered for accurate
prediction of biomass pyrolysis process in the reactor and the limitation factor in the biomass
fast pyrolysis arises from external heat transfer to the biomass particles. The hemicellulose and
cellulose decompositions are predicted to start around 480 K and 600 K, separately, and the
predictions are in agreement with experimental studies. The yield prediction of tar vapor, non-
condensable gas and char are in reasonable agreement with experimental studies considering
the limitations of the model itself and the pyrolysis kinetics available in the literature. It is
also concluded that both decreasing biomass particle size and reducing feedstock volumetric fill
level is favorable to the biomass fast pyrolysis process.
Nomenclature
Ar reaction frequency factor, 1/s m
p
vi vapor species mass in the particle,
kg
c contact radius correction coefficient mpwater moisture mass in the particle, kg
cp specific heat capacity, J/kg ·K m∗ particle equivalent mass, kg
d shaft diameter, m nˆij unit vector in the normal direction
dij distance between particle centers P screw pitch length, m
dp particle diameter, m Py pyrolysis number
D screw flight diameter, m Qcondij conductive heat transfer rate, J/s
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e coefficient of restitution Qconvij convective heat transfer rate, J/s
Ei Young’s modulus, Pa Q
pfp
ij heat transfer rate by particle-fluid-
particle pathway, J/s
Er activation energy, J/mol Q
pp
ij heat transfer rate by particle-
particle pathway, J/s
E∗ equivalent Young’s modulus, Pa Qradij heat transfer rate by radiation path-
way, J/s
f volumetric fill level Qpfwij heat transfer rate by particle-fluid-
wall pathway, J/s
Fij view factor between surfaces Rg gas constant, J/mol ·K
F fi drag force acting on particle i, N Ri radius of particle, m
F gi gravitational force acting on particle
i, N
R∗ particle equivalent radius
F cij particle collision force, N r˙li liquid species production rate, kg/s
F cn,ij normal collision force, N r˙gas non-condensable gas production
rate, kg/s
F ct,ij tangential collision force, N r˙si solid species production rate, kg/s
Gi particle shear modulus, Pa r˙tar tar vapor production rate, kg/s
G∗ equivalent shear modulus, Pa r˙vi vapor species production rate, kg/s
h heat transfer coefficient, W/m2 ·K rc contact surface radius, m
H gap between particles, m Ti particle temperature, K
Ii particle moment of inertia, kg ·m2 T r,ij rolling friction torque, N ·m
kf fluid thermal conductivity, W/m ·K T t,ij tangential torque, N ·m
kp particle thermal conductivity,
W/m ·K
tˆij unit vector in tangential direction
kw reactor wall thermal conductivity,
W/m ·K
vi particle velocity, m/s
L screw mixing length, m vrel particle relative velocity, m/s
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mi particle mass, kg vn,rel relative velocity in the normal direc-
tion, m/s
mpli liquid species mass in the particle,
kg
vt,rel relative velocity in the tangential di-
rection, m/s
mpsi solid species mass in the particle, kg X biomass conversion
Greek symbols
αs solid fraction µr rolling friction coefficient
β damping coefficient ν Poisson’s ratio
δn particle overlap in the normal direc-
tion, m
σ Stephan-Boltzmann constant,
W/m2 ·K4
δt particle overlap in the tangential di-
rection, m
τreaction reaction time scale, s
∆H heat of reaction, J/kg τheat external heat transfer time scale, s
r radiation emissivity ωi particle rotation velocity, rad/s
µ friction coefficient ω screw rotating velocity, rad/s
Subscripts
b biomass particles r reaction or radiation
l liquid s solid
p particle v vapor
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CHAPTER 5. A NOVEL OPTIMIZATION APPROACH TO
ESTIMATING KINETIC PARAMETERS OF THE ENZYMATIC
HYDROLYSIS OF CORN STOVER
A paper published in AIMS Energy
Fenglei Qi and Mark Mba Wright
Abstract
Enzymatic hydrolysis is an integral step in the conversion of lignocellulosic biomass to
ethanol. The conversion of cellulose to fermentable sugars in the presence of inhibitors is a
complex kinetic problem. In this study, we describe a novel approach to estimating the kinetic
parameters underlying this process.
This study employs experimental data measuring substrate and enzyme loadings, sugar
and acid inhibitions for the production of glucose. Multiple objectives to minimize the differ-
ence between model predictions and experimental observations are developed and optimized by
adopting multi-objective particle swarm optimization method. Model reliability is assessed by
exploring likelihood profile in each parameter space.
Compared to previous studies, this approach improved the prediction of sugar yields by re-
ducing the mean squared errors by 34% for glucose and 2.7% for cellobiose, suggesting improved
agreement between model predictions and the experimental data. Furthermore, kinetic param-
eters such as K2IG2, K1IG, K1IA, K2IG, and K3IA are identified as contributors to the model
non-identifiability and wide parameter confidence intervals. Model reliability analysis indicates
possible ways to reduce model non-identifiability and tighten parameter confidence intervals.
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These results could help improve the design of lignocellulosic biorefineries by providing higher
fidelity predictions of fermentable sugars under inhibitory conditions.
5.1 Introduction
Global concerns over climate impacts of greenhouse gas (GHG) emissions have led to the
pursuit of low carbon intensity alternatives to fossil fuels [149]. These efforts led to the com-
mercialization of corn grain and sugarcane based ethanol to replace petroleum derived fuels
in the transportation sector [150]. However, competition with food production and the desire
for greater GHG reductions prompted the development of lignocellulosic biomass conversion
technologies [151, 152]. The conversion of lignocellulosic biomass into ethanol is a sustain-
able approach to produce renewable fuels with significant reduction of GHG emissions [153].
Economic and performance challenges have limited the commercial adoption of lignocellulosic
ethanol technologies [154].
Lignocellulosic biomass such as corn stover is mainly composed of cellulose, hemicellulose
and lignin intertwined by a complex matrix formed by these three biopolymers. This protective
matrix is a detriment to the biological conversion of lignocellulosic biomass into fermentable
sugars. Therefore, scientists have developed various methods to extract sugars from lignocel-
lulosic biomass [155]. Enzymatic hydrolysis combined with feedstock pretreatment is preferred
over other chemical hydrolysis for its higher yield, minimal byproduct formation, low energy
requirements, and mild operating conditions [156, 157]. However, this technique faces technical
challenges and the process is not yet economically feasible [158, 159].
Enzymatic hydrolysis is an important process in the conversion of lignocellulosic biomass
into ethanol. As shown in Figure 5.1, lignocellulosic biomass is first fed into a pretreatment
and conditioning process, then it proceeds to the enzymatic hydrolysis and fermentation units
where it mixes with cellulase enzymes. Hydrolysis yields sugars that are fermented into ethanol.
The beer mixture can be distilled into high purity ethanol. Process by-products include stillage
and lignin which can be combusted to generate power and steam. The National Renewable
Energy Laboratory has described the details of this process and estimated that ethanol can be
produced at a minimum fuel-selling price of $2.15 per gallon [160].
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Figure 5.1: Lignocellulosic biomass ethanol production via enzymatic hydrolysis and fermenta-
tion.
Process modeling contributes to biofuel process development through model-based evalua-
tion of the integrated operation of hydrolysis and co-fermentation process [161] and model-based
optimization of bioprocesses [162]. In particular, kinetic modeling of enzymatic hydrolysis al-
lows for performing realistic process operation simulations which improves biorefinery design
and optimization. The fidelity of the modeling significantly depends on the availability of a reli-
able enzymatic hydrolysis kinetic model which can reflect the main reaction rates and activities
from reactants to products in the process.
Previous studies developed various kinetic models for enzymatic hydrolysis of cellulose sub-
strate based on empirical data or fundamental mechanistic models, which have recently been
reviewed in Bansal et al. [163]. Mechanistic models are often preferred to empirical models
because empirical models are only applicable to the conditions under which they are developed
and do not completely characterize the major physical and chemical activities in the process.
Furthermore, mechanistic models provide insights into the major chemical activities of en-
zymes and substrates and allow simulating conditions that lie outside experimental conditions.
However, developing robust mechanistic models for enzymatic processes is challenging due to
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limited informative experimental datasets and the complex nature of lignocellulosic feedstocks.
Therefore, recent studies focus on developing semi-mechanistic kinetic models describing major
reaction activities.
One of the extensively cited semi-mechanistic kinetic models for enzymatic hydrolysis of
cellulose was proposed by Kadam et al. [164]. This model incorporates parameters for enzyme
adsorption, sugar inhibitions, temperature effects, and substrate reactivity. Subsequent studies
have refined this model: Zheng et al. [165] considered the adsorption of enzyme onto lignin
in their model; Tsai et al. [166] combined the Kadam’s model [165] with a transglycosylation
reaction at high glucose levels; Scott et al. [167] recently modified the model by introducing
acetic acid inhibition effects and considering changes in bounded enzyme activity based on
experimental observations.
Model parameter estimation from experimental data is crucial in the model development.
A consensus has been reached that kinetic parameter estimation with multi-response data is
favored in terms of parameter reliability [168, 169, 170]. Central to this realization in the model
development is the formation of optimization objective functions from multiple responses. Al-
though least squares or weighted least squares functions are often formulated as the optimization
targets in previous model developments [164, 165, 166, 167], they have been reported to have
limitations when dealing with multi-response data [169, 171]. In order to avoid this problem,
multiple objectives are optimized simultaneously instead of combining them into one single
objective.
Providing confidence intervals for estimated model parameters is necessary for assessing the
reliability of the developed model. A profile likelihood method is adopted in this research as
suggested by Raue et al. [172]. This work demonstrates a novel method for improving parameter
estimates of kinetic models of enzymatic hydrolysis.
5.2 Hydrolysis kinetic model
The multi-reaction model proposed by Kadam et al. [164] is sophisticated enough to de-
scribe the complexities of enzymatic hydrolysis of lignocellulosic biomass. It includes adsorption
mechanism of cellulase components onto substrate, considers end-product (C6 and C5 sugar)
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inhibitions and incorporates substrate reactivity change due to variations in crystal structure,
degree of polymerization and substrate accessibility among other reasons. Based on experimen-
tal observations, Scott et al. [167] made some modifications about this model: elimination of
the inhibitory effect of xylose on β-glucosidase, incorporation of acetic acid inhibitory effect
and consideration of the change of the activity of the adsorbed enzymes. The modified reaction
scheme is illustrated in Figure 5.2. As shown, there are three major reactions: 1) cellulose
conversion to cellobiose, 2)ăcellulose conversion to glucose, and 3) cellobiose conversion to glu-
cose. Dashed lines indicate inhibitory effects caused by acetic acid, sugars, and intermediate
products.
Figure 5.2: Reaction scheme for cellulose enzymatic hydrolysis. Enzymes involved in r1: endo-
β-1,4-glucanase (EC 3.2.1.4) and exo-β-1,4-cellobiohydrolase (CBH) (EC 3.2.1.91). Enzymes
involved in r2: exo-β-1,4-cellobiohydrolase (CBH) (EC 3.2.1.91) and exo-β-1,4-glucan glycohy-
drolase (EC 3.2.1.74). Enzymes involved in r3: β-glucosidase. Dashed lines show the inhibition
effects of sugars and acids on enzymes (adapted from Kadam et al. [164]).
Enzyme adsorption onto the lignocellulosic substrates have been described by a Langmuir
model [173] formulated as Equation (5.1):
EiB =
EimaxKiadEiFS
1 +KiadEiF
i = 1, 2. (5.1)
Equations (5.2)–(5.4) describe the reaction rates shown in Figure 5.2:
r1 = (1− b1S0) k1rE1BRSS
1 +G2/K1IG2 +G/K1IG + C5/K1IX +A/K1IA
, (5.2)
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r2 = (1− b2S0) k2rE1BRSS
1 +G2/K2IG2 +G/K2IG + C5/K2IX +A/K2IA
, (5.3)
r3 =
fβGk3rE2FG2
K3M (1 +G/K3IG +A/K3IA) +G2
, (5.4)
where r1 represents the reaction rate for the Cellulose-to-Cellobiose reaction with competitive
glucose, cellobiose, C5 sugar and acetic acid inhibition, r2 is reaction rate for the Cellulose-to-
Glucose reaction with competitive glucose, cellobiose, C5 sugar and acetic acid inhibition, r3
is the reaction rate for the Cellobiose-to-Glucose reaction with competitive glucose and acetic
acid inhibition. The substrate reactivity is correlated as
RS =
S
S0
. (5.5)
Mass balances for cellulose, cellobiose, glucose and enzymes are
dS
dt
= −r1 − r2, (5.6)
dG2
dt
= 1.056r1 − r3, (5.7)
dG
dt
= 1.111r2 + 1.053r3, (5.8)
EiT = EiF + EiB, (5.9)
where, 1.056, 1.111 and 1.053 are molecular mass ratio of Cellobiose/Cellulose (substrate),
Glucose/Cellulose, and Glucose/Cellobiose.
This mathematical model considers the effects of substrate and enzyme loadings, sugar and
acid inhibitions, and decreasing activities of substrate and bounded enzymes on the production
of glucose. In general, increasing substrate loading or decreasing enzyme loading reduces the
yield of glucose. Increasing sugar and acid content impede the production of glucose. As
reported in [167] the substrate loading also affects the amount of enzyme that can be bounded to
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substrate. In order to estimate the parameters quantifying these relationships, it is preferable to
select experimental datasets that measure the production of glucose and cellobiose with respect
to substrate loading, enzyme loading, sugar and acid content.
5.3 Methods
The general methodology adopted by this study is shown in Figure 5.3. First, we process
experimental data and design an appropriate kinetic reaction model. Then, we calibrate the
model parameters to gather initial guesses before optimizing the model objective functions.
Finally, we analyze the reliability of the developed model and calculate parameter confidence
levels to estimate the uncertainty ranges for the obtained parameters. An optional step is to
modify the kinetic reaction model based on initial optimization results and model reliability
analysis. This is often needed when the initial model is not an accurate representation of the
experimental process.
Figure 5.3: Kinetic model design, calibration, optimization, and parameter confidence level
estimate methodology.
5.3.1 Experimental data
This study employs experimental data published by Scott et al. [167] and shown in Table 5.1.
This experimental dataset includes varying initial solid loadings (10–25% w/w), and the use of
the pretreatment liquor and washed solids with or without supplementation of key inhibitors.
Feedstock types include full slurry (F), washed solids (W), W with acetic acid, W with a sugar
stock solution, and W with only Glucose (G). The glucan content in the solids varies between
53.2 and 63.2 weight percent. Enzyme dose in filter paper units (FPU) per gram of glucan varies
between 5.4 and 25.0. The table also provides initial soluble solids content in g/kg feedstock
of cellobiose, glucose, xylose, arabinose, and acetic acid. A total of 12 experimental dataset
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were employed to calibrate the model parameters. Both glucose and cellobiose versus time were
measured in the dataset. Details about the experimental setup are provided by Scott et al. [167].
Table 5.1: Initial experimental conditions for enzymatic hydrolysis of cellulose to
sugars (adapated from [167])
No. Feedstocka SFb Glucanc ET d G20 G0 X0 Ar0 Ac0
Exp1 F 0.15 63.2 25.0 1.26 24.07 63.87 10.57 12.20
Exp2 F 0.15 63.2 8.2 1.26 24.17 64.20 10.57 12.20
Exp3 W 0.10 60.1 9.6 0.0 0.0 0.0 0.0 0.0
Exp4 F 0.10 60.1 9.6 1.57 16.47 44.14 7.01 8.16
Exp5 F 0.15 63.2 9.6 1.26 24.05 64.44 10.57 12.20
Exp6 W+Ac. A 0.15 63.2 9.6 0.0 0.0 0.0 0.0 12.20
Exp7 W 0.15 67.2 9.6 0.0 0.0 0.0 0.0 0.0
Exp8 W+Sug. 0.15 63.2 9.6 1.26 24.05 46.44 10.57 0.0
Exp9 W 0.13 60.1 9.6 0.0 0.0 0.0 0.0 0.0
Exp10 W+G. 0.10 53.2 5.4 0.0 140.07 0.0 0.0 0.0
Exp11 W 0.25 53.2 16.02 0.0 0.0 0.0 0.0 0.0
Exp12 W 0.25 53.2 5.4 0.0 0.0 0.0 0.0 0.0
Initial soluble solids content [g/kg]: G20: cellobiose; G0: glucose; X0: xylose; Ar0: xylose;
Ac0: acetic acid.
a F: fully slurry; W: washed solids; Ac. A: acetic acid; Sug; sugar stock solution; G: glucose
b Solid fraction as weight percent of insoluble solids.
c Glucan percentage content in solids.
d Enzyme dose in filter paper units (FPU) per gram of glucan.
5.3.2 Parameter estimation
Equation 5.6–5.9 can be written in a general form:
x˙ (t) = f (x(t),θ, t) , (5.10)
y (t) = g(x(t)), (5.11)
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where, f is reaction rate vector composed of Equation (5.2)–(5.4). State variables x(t) cor-
respond to the measured concentrations of cellulose (S), cellobiose (G2), and glucose (G) in
Equation (5.2)–(5.4). θ is p-dimensional vector of model parameters to be estimated. g is
mapping function vector from state variables x(t) to the observables y(t), which is usually a
conversion from measured variables to target variables.
The estimation of model parameters θ is achieved by optimizing the objective functions
which represent the fitness of the observables predicted by the model to the experimental data.
The objective functions are usually written as mean squared residuals (also called mean squared
error) and mean cross-product of residuals, and constitute an objective matrix V . In this
calibration, there are two observables (glucose and cellobiose) from experimental measurements
[167]. The objective matrix has 2 by 2 dimensions and it can be written as
 1∑Ni ∑Di=1∑Nin=1 (yi1n − y(θ, tn))2 1∑Ni ∑Di=1∑Nin=1 (yi1n − y(θ, tn)) (yi2n − y(θ, tn))
1∑
Ni
∑D
i=1
∑Ni
n=1
(
yi1n − y(θ, tn)
) (
yi2n − y(θ, tn)
)
1∑
Ni
∑D
i=1
∑Ni
n=1
(
yi2n − y(θ, tn)
)2

(5.12)
where, yi1ndenotes nth data point for 1st observable measured at time point tn in the ith ex-
periment, y(θ, tn) is the model prediction of 1st observable at time point tn under the ith
experimental condition. In our study, the diagonal elements of matrix V are chosen as the
objectives. The two objective optimization problem is formulated as
θˆ = arg min
[ 1∑
Ni
D∑
i=1
Ni∑
n=1
(
yi1n − y(θ, tn)
)2
,
1∑
Ni
D∑
i=1
Ni∑
n=1
(
yi2n − y(θ, tn)
)2 ] (5.13)
subject to θmin 6 θ 6 θmax.
The two formulated objectives indicate the difference between model predictions and ex-
perimental measurements of cellobiose concentration and glucose concentration separately. In
most situations, the experimental measurement accuracy for different variables is not the same.
The advantage of the proposed multi-objective regression method is to allow the user to obtain
a set of solutions which have different objective combinations. The user can determine the final
solutions afterwards based on their scientific or empirical judgment.
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5.3.3 Model reliability analysis and parameter confidence intervals
Model reliability analysis is based on the likelihood profiling method as suggested in [24].
Accurate confidence intervals can also be derived from the model reliability analysis. The idea
of the approach is to explore the parameter space for each parameter in the direction of the
least increase of the determinant of objective matrix , it is achieved by
|V (θk)| = arg min
θj 6=θk
[
1∑
Ni
D∑
i=1
Ni∑
n=1
(
yi1n − y(θ, tn)
)2
,
1∑
Ni
D∑
i=1
Ni∑
n=1
(
yi2n − y(θ, tn)
)2 ] (5.14)
where, component θk (k = 1, 2,. . . , p) is fixed in a single optimization and the rest parameters
are re-calibrated with the initial values from θˆ . The kth dimension of parameter space is
gradually explored by changing θk. In this sense, the direction of the least increase in likelihood
|V | can be found after the exploration of θk.
The upper limit of |V | increase in terms of θk is controlled by
N ln
|V (θ)|
|V (θˆ)| 6 χ
2(α, df) (5.15)
where θ is the best estimate and N is the total number of experimental points. α is the
significant level and df is the degree of freedom in the chi-squared distribution. The slope of
|V | in the least increase direction indicates the reliability of the model. If the slope is small, it
takes long steps to reach the upper limit of |V |, so that the parameter has a wide confidence
interval. Otherwise, the parameter has a narrow confidence interval.
5.3.4 Implementation
Multi-objective parameter estimation is achieved by adopting a novel approach based on
a Multi-Objective Particle Swarm Optimization (MOPSO) method [174]. MOPSO is a novel
technique designed to address global optimization problems with multiple, competing objec-
tives. This class of problems yield multiple possible solutions of equal merit known as a Pareto
optima. Additionally, the solution sets provide statistical information regarding the confidence
levels of the parameters. Details regarding our MOPSO implementation are provided in the
Supplementary.
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The code is written in C++ and Object-Oriented Programming concept is applied. The basic
structure of the algorithm is shown in Figure 5.4. A data unit class is employed in order to
enhance data transfer between other three classes: ExpData, Reaction and Residual. ExpData
mainly composes experimental data input and data elements. Reaction includes reactor model
implementation and an ordinary differential equation (ODE) solver wrapper. CVODE library
[175] is used to integrate ODEs in this study. Class Residual implements mapping from state
variables to response variables, extracting prediction data to match with experimental dataset,
and calculating objective values.
Figure 5.4: Schematic of algorithm structure.
5.4 Results and discussion
Parameter calibration was accomplished by selecting initial values identified in the analysis
of Scott et al. [167]. These values were determined by a weighted least squares regression of the
model described in Figure 5.2 to the experimental data. An additional parameter estimation
searched through a wide parameter range that is 100 times larger or smaller than the initial
parameter values. The optimization model goal was to minimize the residual errors between
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the kinetic model predictions and experimental data. For this purpose, we developed a multi-
objective formulation of the kinetic model that simultaneously minimizes residual errors between
predicted and observed yields of glucose and cellobiose. This is an important feature of the
algorithm because it allows the user to determine which objective is more important and select
optimal parameters based on multiple criteria.
5.4.1 Comparison of kinetic model predictions to experimental data
This study compares the performance of the kinetic model parameters gathered by the
modified MOPSO algorithm to Scott et al. [167]. Figure 5.5 compares the mean squared errors
of cellobiose and glucose between the two models. The MOPSO algorithm generates a set of
solutions and each solution is an estimate of model parameters. The solution sets constitute a
Pareto front in the corresponding objective function coordinates. Compared to the best estimate
obtained by Scott et al.ă[167], some MOPSO solutions improve on a single objective while the
other objective is degraded. A subset of MOPSO solutions achieve lower mean squared errors
for both cellobiose and glucose in the lower left corner.
Figure 5.5: Kinetic model comparison of mean squared errors between model prediction and
experimental data. X axis shows mean squared error of glucose and Y axis represents mean
squared error of cellobiose; Y EG and Y
P
G are glucose concentrations measured in experiments and
predicted by model; Y EG2 and Y
P
G2 are cellobiose concentrations measured in experiments and
predicted by model; N is the total number of experimental points; black circular dots show the
mean squared errors of glucose and cellobiose that are both smaller than Scotts model [167].
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Table 5.2: Parameter estimates from MOPSO and Scott et al. [167]
K1IG2 K2IG2 K1IX K2IX k1r K1IG k2r K2IG k3r K3M
MOPSO1 6.28e-4 63.1050 6.843e-3 4.5516 2451.23 877.9974 4.894e-2 20120.4 20590.4 1.9861
MOPSO2 2.5557 102.0897 18.7779 4.2967 0.8022 448.4742 4.752e-2 16264.4 17461.8 1.9106
Scott 0.041 4.264 0.395 5.877 28.65 22.658 0.422 1.0e6 128.4 0.301
K3IG K1IA K2IA K3IA b1 b2 fβG RG RG2 Det
MOPSO1 1.689e-2 10.2570 1.2223 1143.372 6.7369 4.280 1.0(f) 8.317 2.90 21.24
MOPSO2 1.967e-2 65.4988 0.5055 751.1735 6.8027 4.3254 1.0(f) 8.221 2.99 21.82
Scott 0.612 1.0e6 2.97 1.0e6 6.822 6.376 0.766 12.69 2.98 37.18
(f) represents the parameter is fixed. RG is mean squared errors for glucose; RG2 is mean squared errors for cellobiose; Det
represents the determinant of residual matrix.
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The minimum mean squared error limit for the first objective (glucose) is approximately 6.6,
and for the second objective (cellobiose) the limit is approximately 2.3. The Pareto front shows
solutions for which reducing the error in one objective can only be accomplished by increasing
the error in the other objective. The parameters gathered by Scott et al. [167] achieve residual
errors of 12.69 and 2.98 for glucose and cellobiose (see Table 5.2), respectively. Although all
the Pareto solutions are optimal, solutions in the lower left (marked as black circular dots) of
Figure 5.5 are attractive because of their improved fitness for both glucose and cellobiose yields.
Table 5.2 shows two selected solutions from MOPSO and Scott et al. [167]. The mean
squared errors for glucose yield predictions decreased from 12.69 to 8.317 for MOPSO1—a 34%
reduction; for cellobiose the error reduction was only 2.7 % and even increased in the other
case. According to the determinant criteria, MOPSO estimates (both MOPSO1 and MOPSO2)
achieve a statistically significant improvement compared to the previous model. Furthermore,
some parameters such as K1IG2, K1IX , and k1r are orders-of-magnitude different than the
original values although they achieve similar predictions. fβG is kept to 1.0 since there is no
evidence showing the decreasing activity of β-glucosidase enzyme.
Figure 5.6 compares experimental data to model predictions from MOPSO and Scott et al.
[19]. In this comparison, we selected the MOPSO2 solution and the estimated parameter values
are shown in Table 5.2. As shown, both models achieve a qualitatively suitable representation
of the experimental trends in all cases. The main differences observed in the predictions of glu-
cose production are found in the 10th, 11th and 12th experimental conditions shown in Figure
6. MOPSO improves upon the Scott’s model by reducing the mean squared errors of glucose
from 156.76 to 48.57 in 10th experiment. The model by Scott et al. appears to overpredict
the production of glucose under initial high glucose concentration, while MOPSO yields a more
accurate prediction of the inhibitory effects of glucose. MOPSO overpredicts the production of
glucose at lower enzyme loading as in 12th experiment condition. However, additional experi-
mental data would be required to validate these observations given the likelihood of uncertainty
in the experimental measurements.
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Figure 5.6: Experimental data and model predictions for glucose and cellobiose concentrations
vs reaction time. Square dots are experimental measurements of glucose and circle dot are
experimental measurements of cellobiose; Solid lines are predictions based on MOPSO estimates;
Dash lines are predictions from Scott et et al.[167].
5.4.2 Kinetic model reliability analysis and parameter confidence intervals
Figure 5.7 shows the result of exploiting profile likelihood along each parameter space.
The profile of the likelihood in terms of parameter value provides the information of model
reliability. The model reliability is reduced in the case that the likelihood profile does not
increase or only increase slowly in either one side exploring direction or both sides (increase and
decease of parameter value) in the parameter coordinate. Correspondingly, the parameter has
a wide confidence interval in this case. The model is usually said non-identifiable if the increase
in the likelihood is slow and statistically insignificant when the parameter value increases or
decreases. One of the advantages of likelihood profiling method is to allow us to visually evaluate
the likelihood profile in each parameter space.
The likelihood (det (|V |)) does not increase in the parameter space of K2IG2, K1IG, K2IG,
K1IA, and K3IA except approaching the natural lower bound of 0. Scott et al. [167] points
out that reducing the number of estimated parameters can tighten the confidence intervals by
fixing some parameters in the calibration. In their best model, the above five parameters are
fixed along with K1IG2, k3r, K3M , K3IG. The underlying reason is that these parameters are
108
Figure 5.7: Exploration of profile likelihood along each parameter space. Black dots show the
det(|V |) value achieved after re-optimization vs each parameter; solid lines are fitted trend lines;
dash lines are the upper limit of det(|V |) according to Equation (5.15) with 5% percentile of a
Chi-squared distribution and 16 degrees of freedom.
non-identifiable which results in the wide range of parameter confidence intervals when they are
included in the model. Reducing the parameter redundancy as shown in Scott et al. [167] is one
way to increase model reliability. An alternative is to improve experimental design. Considering
the experimental design as shown in Table 5.1, the amount of sugars (cellobiose and glucose)
and acetic acid do not change much from experiment to experiment, which is not favorable to
quantifying the inhibitory effects of the sugars and acetic acid. Further design of experiments
can be based on this knowledge and improve model parameter reliability.
The likelihood in some parameters such as K1IX , k1r, k3r, K3IG and b2 changes gradually
but the gradient is relatively small which results in either unclosed confidence intervals or large
confidence intervals. Among all the reasons, one of them is still related to inadequate experi-
ment design which gives good explanations for likelihood profile in terms of K1IX and K3IG.
Correlations between parameters might be another reason, for example, k1r might have strong
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correlations with K1IG, K1IA and K1IX . In summary, exploiting profile likelihood is helpful to
analyzing the reliability of the estimates and serve as a powerful tool in model-based experiment
design. Another virtue of exploiting likelihood profile is to obtain accurate confidence intervals.
Table 5.3 shows upper and lower limits for the MOPSO kinetic model parameters with a 95%
confidence level. Most of the parameters have wide or undefined confidence intervals, which
indicates that there is insufficient experimental data to provide a robust estimate of the kinetic
parameters in the model.
Table 5.3: Estimated MOPSO knetic model parameter values and minimum and maximum
confidence intervals at the 95% level
K1IG2 K2IG2 K1IX K2IX k1r K1IG k2r K2IG
MOPSO2 2.5557 102.0897 18.7779 4.2967 0.8022 448.4742 4.752e-2 16264.4
CI95% 0.6389 2.317 4.5632 - 0.3486 14.5754 1.59e-2 -
21.50 - - 43.8778 - - 0.3 -
k3r K3M K3IG K1IA K2IA K3IA b1 b2
MOPSO2 17461.8 1.9106 1.967e-2 65.4988 0.5055 751.1735 6.8027 4.3254
CI95% 460.1 1.92e-2 - - - - 5.7260 -
- 9.2097 1.4476 - 16.7698 - 7.1884 6.0642
CI95% refers to the confidence interval with 0.95 confidence level. (-) in the table indicates the upper or
lower intervals are undetermined based on the likelihood profile method within approximately 20 times
or 1/20th times of the estimates.
5.5 Conclusions
Lignocellulosic ethanol production is a sustainable alternative for the production of re-
newable fuels. This study investigated the enzymatic hydrolysis of lignocellulosic biomass to
produce fermentable sugars. Kinetic models for this process are an important part of estimating
the technical and economic performance of lignocellulosic ethanol biorefineries.
This paper describes the use of a novel multi-objective parameter estimation method for
developing reliable hydrolysis kinetic models. Estimates from the multi-objective regression
110
shows a statically significant improved fit to the experimental data compared to previous studies.
We achieved improved predictions for the yields of glucose and cellobiose from cellulose in the
presence of high glucose content. Furthermore, we analyzed model reliability by adopting the
likelihood profiling method. This method allows us to efficiently analyze which parameters
contribute to model non-identifiability and identify possible ways to improve model reliability.
Parameter confidence intervals are accurately determined with this method.
Comparisons of the kinetic models to experimental data indicate qualitative agreement
between predicted and measured glucose and cellobiose yields. We developed inferences about
the underlying phenomena and acknowledge uncertainty in the experimental measurement.
Additional experimental data could improve the accuracy of the model parameter estimates
and our ability to predict the performance of enzymatic hydrolysis in future research.
Nomenclature
A acetic acid concentration, g/kg KiIG inhibition constants for glucose in
each reaction, g/kg
bi enzyme activity decreasing factor,
kg/g
KiIG2 inhibition constants for cellobiose in
each reactor, g/kg
C5 C5 sugar concentration, g/kg KiIX inhibition constants for C5 sugars in
each reaction, g/kg
E1max maximum mass of CBH and EG
that can adsorb onto one unit mass
of substrate, 0.06g/g
K3M cellobiose saturation constant, g/kg
E2max maximum mass of β-glucosidase
that can adsorb onto one unit mass
of substrate, 0.01 g/g
kir reaction rates for each reaction,
g/kg/h
E1B bound concentration of CBH and
EG, g/Kg
N number of experimental measure-
ment points
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E2B bound concentration of β-
glucosidase, g/kg
p number of parameters in the model
E1F free concentration of CBH and EG,
g/kg
S substrate concentration, g/kg
E2F free concentration of β-glucosidase,
g/kg
S0 substrate initial concentration, g/kg
EiT total enzyme concentration, g/kg α quantile of the χ2−distribution
fβG fraction of the maximum β-
glucosidase activity
df degree of freedom
G glucose concentration, g/kg V objective matrix
G2 cellobiose concentration, g/kg x vector of state variables
K1ad dissociation constant for the CBH
and EG adsorption/desorption reac-
tion, 0.4g/g
y vector of observables
K2ad dissociation constant for the
β-glucosidase and adsorp-
tion/desorption reaction, 0.1
g/g
θ vector of model parameters
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CHAPTER 6. CONCLUDING REMARKS AND RECOMMENDATIONS
Concluding remarks
In this research, the biomass fast pyrolysis reactive granular flow in a double screw reac-
tor is numerically studied and the underlying physics such as particle mixing and heat trans-
fer, and biomass devolatilization dynamics are investigated. An extended DEM model for
simulating reactive granular flows was proposed, which could resolve particle hydrodynamics,
particle-particle/wall conductive and radiative heat transfer, and solid species thermochemical
decomposition with additional reaction models.
In the first part of the research, the DEM is employed to investigate the granular flow and
particle mixing in the double screw reactor. The simulation employs polydispersed biomass and
glass bead particles based on experiments conducted in previous studies. Statistical analysis
indicates a maximum 9.8% difference between the experimental and simulated biomass particle
mean residence time, and visual observations suggest the simulation captures the particle mixing
trends observed in the experiments. The mixing index profile in the axial direction shows
a mixing-demixing-mixing oscillation pattern. Increasing screw pitch length is detrimental to
mixing performance; decreasing solid particle feed rate reduces the mixing degree; and increasing
biomass to glass bead size ratio decreases mixing performance. A comparison of a binary, single-
sized biomass and glass particle mixture to a multicomponent mixture indicates that the binary
system has similar mixing pattern as a multicomponent system.
In the second part of the research, the DEM is adopted to investigate the heat transfer
dynamics in the double screw reactor. The developed particle-scale heat transfer model was
validated by modeling the heat transfer in packed beds and comparing simulation predictions
with experimental measurements. The results indicate the existence of both spatial and tempo-
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ral temperature oscillations in the double screw reactor. The particle-fluid-particle conductive
heat transfer pathways are the dominant contributors to the total heat flux, which accounts for
approximately 70%-80% of the total heat flux. Radiative heat transfer contributes 14%-26% to
the total heat flux and the conductive heat transfer through contact surface takes only 1%-5%
in the total heat flux. The heat transfer coefficient in the double screw reactor varies in a range
of 70 to 110 W/(m2K) depending on the operating conditions.
In the third part of the research, the proposed method was applied to simulating biomass
fast pyrolysis process in the double screw reactor. An adaptive time step scheme was proposed
for coupling the integration of reaction ODEs with the particle energy equation, which proves
to prevent the numerical instability of temperature prediction. Results indicate that the heat of
pyrolysis has a great impact on the biomass fast pyrolysis in the reactor. The hemicellulose and
cellulose decompositions are predicted to start around 480 K and 600 K, separately, and the
predictions are in agreement with experimental studies. The yield prediction of tar vapor, non-
condensable gas and char are in reasonable agreement with experimental studies considering
the limitations of the model itself and the pyrolysis kinetics available to us. Results indicate
that both decreasing particle size and reducing feedstock volumetric fill level in the reactor are
favorable to the biomass pyrolysis process.
In the last part of the research, a multi-objective kinetic parameter regression model was
proposed for developing kinetic models from different experimental data sources. The proposed
regression model integrated a multi-objective particle swarm optimization algorithm with ODE
solver from CVODE. A case study indicates that this regression model has a better performance
comparing to traditional deterministic optimization solvers.
The proposed DEMmodel for simulating reactive granular flows in the screw reactor provides
possible directions for reactor optimization and improves lab-scale understanding of the biomass
fast pyrolysis process in the double screw reactor. Besides, the method developed in this research
could extend to study other processes such as biomass combustion and gasification as well as
being employed to study fast pyrolysis process in other reactors such as bubbling fluidized bed
reactors.
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Recommendations
This thesis focuses on reactive biomass granular flows, specifically in a double screw reac-
tor. For a thorough modeling of biomass fast pyrolysis process, the followings are important
recommendations for future research work:
(1) Biomass materials are often ground into very fine particles in order to exclude heat
transfer and mass transfer limitations in lab-scale reactors, which is not economically efficient
in practical operations. Fast pyrolysis of biomass particles is often located in thermally thick
regime at high heating rates when the biomass particle size is greater than 1 mm. Evaluation
of fast pyrolysis of thermally thick biomass particles is very necessary for understanding the
fundamental physics and investigating heat and mass transport effects on the biomass fast
pyrolysis at both reactor scale and particle scale. The future research is suggested to develop
a numerical framework for DEM modeling of thermally thick biomass particle fast pyrolysis by
coupling a single particle model.
(2) Biomass particle is usually in the shape of chips, granules and fibers. The effect of
biomass particle shapes on particulate flows is nontrivial. An efficient DEM algorithm for non-
spherical biomass particles is required for accurately modeling particle flow dynamics in future
research. The heat transfer model and particle reaction model could be updated accordingly
for non-spherical particles.
(3) In a lot of related applications such as fast pyrolysis in bubbling fluidized beds,
gas phase is also involved, which has momentum, heat and mass transfer with solid particles.
An integration of a CFD solver with the proposed DEM solver is required for properly modeling
gas-solid reactive multiphase systems.
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APPENDIX PYROLYSIS KINETICS
Table A1: Miller’s kinetic model
Reaction A (s−1) E(kJ mol−1) ∆h
(
kJ kg−1
)
1 Cellulose k1c−−→ ActiveCellulose 2.8× 1019 242.4 0.0
2 ActiveCellulose k2c−−→ Tar 3.28× 1014 196.5 255.0
3 ActiveCellulose k3c−−→ 0.35 char + 0.65 Gas 1.3× 1010 150.5 -20.0
4 Hemicell k1h−−→ ActiveHemicell 2.1× 1016 186.7 0.0
5 ActiveHemicell k2h−−→ Tar 8.75× 1015 202.4 255.0
6 ActiveHemicell k3h−−→ 0.60 char + 0.40 Gas 2.6× 1011 145.7 -20.0
7 Lignin k1l−−→ ActiveLignin 9.6× 108 107.6 0.0
8 ActiveLignin k2l−−→ Tar 1.5× 109 143.8 255.0
9 ActiveLignin k3l−−→ 0.75 char + 0.25 Gas 7.7× 106 111.4 -20.0
10 Moisture kw−−→ water vapor 5.13× 1010 88.0 2440.0
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